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Abstract 
The aim of this study was to identify predictors of student enrollment and successful 
achievement in 10th grade chemistry courses for a sample drawn from a single academic 
cohort from a single metropolitan school district in Florida. Predictors included, among 
others, letter grades for courses completed in academic classes for each independent 
grade level, sixth through 10th grade, as well as standardized test scores on the Florida 
Comprehensive Assessment Test and demographic variables. The predictive models 
demonstrated that it is possible to identify student attributes that result in either increased 
or decreased odds of enrollment in chemistry courses. The logistic models identified 
subsets of students who could potentially be candidates for academic interventions, which 
may increase the likelihood of enrollment and successful achievement in a 10th grade 
chemistry course. Predictors in this study included grades achieved for each school year 
for coursework completed in mathematics, English, history, and science, as well as 
reported FCAT performance band scores for students from sixth through 10th grade. 
Demographics, socioeconomic status, special learning services, attendance rates, and 
number of suspensions are considered. The results demonstrated that female students 
were more likely to enroll in and pass a chemistry course than their male peers. The 
results also demonstrated that prior science achievement (followed closely by 
mathematics achievement) was the strongest predictor of enrollment in—and passing 
of—a chemistry course. Additional analysis also demonstrated the relative stability of 
academic GPA per discipline from year to year; cumulative achievement was the best 
overall indicator of course enrollment and achievement.   
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Chapter 1: Introduction 
The secondary chemistry course is a prerequisite whose successful completion 
leads to enrollment into more advanced science courses. The general chemistry 
curriculum is one of the most challenging for students in the secondary education system 
given the convergence of multiple academic and analytical skill sets derived from a 
divergent number of prior courses. The overall institutional goal of formal scientific 
education is to increase both the level of achievement and the number of students who are 
actually prepared to enroll in a high school chemistry course. A valid model for 
predicting course enrollment and successful achievement is helpful in aiding 
administrators in efficiently employing pedagogical and/or instructional interventions for 
students identified as at risk for a diminished likelihood of enrollment or for those who 
are unlikely to pass a chemistry course prior to high school matriculation. Early 
identification could enhance student-specific preparation needs, which could in turn lead 
to increased levels of student achievement, in the short term (Cooper & Pearson, 2012). 
The short-term effects could give rise to downstream learning gains that may lead to 
increased enrollment into this gatekeeper course and possibly improve the level of course 
achievement (Cooper & Pearson, 2012). The focus of this project was to construct a 
highly accurate predictive model to determine the odds of course enrollment and to 
evaluate the likelihood of students passing a chemistry course in the 10th grade. The 
predictors are a derivative of prior academic course achievement, Florida Comprehensive 
Assessment Test (FCAT) achievement levels (performance band score), and other student 
demographic characteristics: gender, socioeconomic status (SES), special education 
services, race, and rates of absenteeism and suspensions. The academic course predictors 
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were derived from course letter grades achieved for each (individually considered) school 
year. To this end, calculated GPAs used in this study are the composite of the 
numerically transformed letter grade(s) of each quarter’s coursework completed 
specifically in mathematics, English, history, and science. The composite GPAs for each 
academic course (discipline) were evaluated while considering or controlling for FCAT 
achievement levels for the mathematics and reading subtests for students from sixth 
through 10th grade. The FCAT achievement levels (performance band scores), however, 
in the case of the science subtest, were excluded because the assessment was not 
administered for each relevant academic year (grade level). In addition to the 
aforementioned academic predictors, the relative importance of demographics, SES, and 
cases identified to have received special learning services was also considered. 
Furthermore, evaluation of all cases in this study proceeded from and assessed the 
relative effects of absenteeism rates and the total number of reported suspensions (sum 
total of external, internal, or alternative to external suspensions), while excluding all 
school bus suspensions. The predictive modeling identified malleable factors which 
differentiated between the odds of both chemistry course enrollment and achievement 
that should be targeted in future interventions in order to better prepare students to both 
take and pass a high school chemistry course.  
Background and Justification 
 There are new and ever-increasing levels of concern for accountability for student 
achievement. This accountability, in terms of student progress, is in concert with the 
general perception that any improvement in core course achievement at the student level 
implies both instructional and institutional effectiveness (Borden & Young, 2008; Kim, 
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Zabel, Stiefel, & Schwartz, 2006; Maki, 2004). The general perception remains supported 
by research indicating that prior course achievement is strongly predictive of future 
achievement in subsequent courses in secondary education (Duncan et al., 2007; 
Hemmings, Grootenboer, & Kay 2011; House, Hurst, & Keely, 1996; McKenzie & 
Schweitzer, 2001; Watts, Duncan, Siegler, & Davis-Kean, 2014; Zeegers, 2004). Indeed, 
increased levels of early course achievement should better prepare students for post-
secondary careers and/or advanced education.   
Various theoretical frameworks of student achievement propose a means to 
measure an institution’s effectiveness as a function of student achievement. Through 
these frameworks, many predictive models specifically evaluate academic achievement at 
the student level (Maki, 2004). Although predictive models generally fall within the same 
theoretical framework, naturally, each study (model) must operationalize variables 
differently to properly address a range of research questions specific to each investigation 
pertaining to student achievement (Ayan & Garcia, 2008; Goenner & Snaith, 2004; Nonis 
& Wright, 2003). The goal of this study was to design a predictive model using logistic 
regression methods in order to identify important predictors of both chemistry course 
enrollment and successful completion from the archived records of a research cohort. In 
this regard, the logistic modeling was similar to general ordinary least squares (OLS) 
predictive modeling in terms of regressing the predictors as a linear function. However, 
through the logit-link function, which is essentially an extension of OLS regression, the 
model was free to evaluate the effects of the predictor(s) on a binary outcome rather than 
being strictly tied to a continuous outcome, which increases the overall generalizability of 
this study (Cohen, Cohen, West, & Aiken, 2003). In this regard, the methodology applied 
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to operationalize the predictors reported here was both practical and basic enough to 
allow for general methodological generalizability to future logistic modeling efforts if 
one were to consider other academic courses (e.g., algebra, physics) with similar 
predictors for a particular dichotomous outcome. Thus, the predictor operationalization 
and employment within a logistic model reduces some of the limitations associated with 
OLS (Ayan & Garcia, 2008; Goenner & Snaith, 2004; Nonis & Wright, 2003). In this 
study, for an evaluation of generalizability, the full complement of applicable cases 
across all test model iterations of analysis were evaluated for significance, effect size, and 
variability accounted for by each individual predictor and for overall model classification 
accuracy. Then, employment of a secondary analysis was useful for replication of the 
research’s primary findings. This approach allowed for both cross-validation of the 
findings and an evaluation of the logistic model’s overall generalizability so that future 
work may employ similar variable operationalization methodology to investigate 
different academic cohorts from multiple school districts or other academic disciplines 
(Ayan & Garcia, 2008; Goenner & Snaith, 2004; Nonis & Wright, 2003). In effect, this 
approach allowed for determining the best-fitting models for employment in future 
studies. This thereby expands the generalizability of best-fitting models beyond the 
singular of the scope of this study in order to examine other core academic courses in 
future inquiries while conserving the methodology of the underlying construct of the 
predictors (Ayan & Garcia, 2008; Goenner & Snaith, 2004; Nonis & Wright, 2003).   
As noted previously, the academic predictors consisted of the letter grades for 
coursework completed in mathematics, English, history, and science for each academic 
year. The predictors were evaluated in tandem with and controlling for high-stakes test 
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results for the FCAT on the subtests for mathematics and reading as reported by 
achievement level (performance band scores). The model testing also considered student 
demographic information while controlling for the rates of absenteeism and suspensions 
for each academic year.   
The research cohort consisted of students who have completed a chemistry course 
in 10th grade, or another science course in lieu of chemistry, during the 2013 school year. 
In this case, the academic school year was restricted to the range of calendar dates from 
August 2012 through June 2013. Additionally, acceptable courses as alternatives for 
chemistry were recognized by the Florida Department of Education (FLDOE, 2013) as 
courses with equal rigor as chemistry. The following courses met the FLDOE course 
criteria: physics, Earth and space science, zoology, anatomy and physiology, and marine 
biology.   
Beyond enrollment, the aforementioned predictors are also used in designing 
logistic models to investigate the magnitude of effect that each predictive factor had on 
the probability of an enrolled student successfully passing a chemistry course with a letter 
grade of “C” or better. Where appropriate, the best-fitting predictive model was 
determined and reported for the 2013 cohort. All predictive models were cross-validated 
through a second round of model testing after randomly resampling a proportion of cases 
and subjecting those case to an independent analysis.  
Again, the academic predictors for the academic cohort consisted of course letter 
grades and FCAT scores, which were collected for each school year back to the sixth 
grade for each case within the cohort. This dissertation involved a type of model testing 
which is now possible given the data warehousing capabilities available to most 
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educational institutions. The predictors were identified and subsequently selected because 
they were all nearly universally available for research.  This, coupled with a systematic 
methodological approach to assess those predictors discussed in Chapter 3, resulted in the 
development of a predictive model for this study. This study is directly applicable 
(generalizable) to other courses of study and can be used by other school districts to 
determine the odds of course enrollment and achievement for future student cohorts.    
 At the post-secondary level, chemistry course achievement is typically a 
gatekeeper for subsequent science coursework and has a reported national attrition rate 
ranging from as low as 46% (Chen & Soldner, National Center for Education Statistics 
[NCES], 2013) to as high as 70% (Chambers, 2005). Moreover, the reported national 
attrition rate for the physical sciences, in general, is 46.0% (Chen & Ho, [NCES], 2012). 
Similar rates, however, elude the research literature at the secondary level due to under-
research. The relatively high number of students who either perform poorly or withdraw 
from post-secondary chemistry courses has prompted researchers to investigate factors 
that describe, correlate, and linearly predict the potential for a student’s success in a 
general chemistry course. This prediction has stemmed from students’ prior performance 
in high school. Among the most prevalent predictors reported for general college 
chemistry achievement are the reported effects of the scores earned on the Scholastic 
Achievement Test (SAT) or American College Testing Program (ACT), coupled with 
high school grades in chemistry or mathematics, overall high school GPA, and 
institution-specific chemistry placement exams. Exploration of the predictors has 
employed descriptive, correlational, and/or linear regression models to explain the 
majority of student-level variance at the post-secondary level (Nordstrom, 1990; Zuidema 
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& Eames, 2014). The reported research has also described a significant link (generally) 
between prior achievement in elementary, middle, and high school courses, which has 
historically explained a large amount of student-level variance at the post-secondary level 
(Nordstrom, 1990; Zuidema & Eames, 2014).   
 The following results from work with post-secondary students suggest that prior 
mathematics success and standardized test performance variables are likely to be 
uniquely important for predicting variability in chemistry outcomes, and those findings 
could very well generalize to younger students still in high school. High school 
achievement, in terms of cumulative GPA or final chemistry course grades, is typically 
considered a predictive indicator for college achievement in general chemistry; however, 
few predictive models have explored which variables significantly predict chemistry 
performance in high school. Rather, most reported work has focused on high school 
outcomes for mathematics skills, English proficiency, or factors that contribute to 
accurately predicting the likelihood of high school graduation (Balfanz & Byrnes, 2009; 
Balfanz, Herzog, & MacIver, 2007; Guthrie & Davis, 2010; Useem, 2010; Wang & 
Goldschmidt, 2010; Nizoloman, 2013). The literature also shows considerable efforts 
devoted to explaining the learning processes of both mathematics and English literacy in 
isolation (Bergeson et al., 2000; Clarke & Shinn, 2004; Dickinson & McCabe, 2001; 
Dörnyei, 2003; Duval, 2006; Hakuta, Butler, & Witt, 2000; Ojose, 2008; Semerci & 
Batdi, 2015; Siegler, R. S., 2003; Silvetti & Verguts, 2012; Star et al., 2015; Wambugu & 
Changeiywo, 2008). The literature fails, however, to address the effects on achievement 
considering the convergence of those disciplines’ specific skillsets with respect to 
fostering achievement in chemistry, despite an ever-increasing need to prepare students 
8 
 
for post-secondary entry into science, technology, and engineering (STEM) fields. A 
comprehensive review of the literature on post-secondary predictive modeling of 
chemistry course achievement suggests that it is of scholastic and practical importance to 
investigate variables as predictors of chemistry enrollment and course achievement at the 
secondary level. More generally, Sawyer (2010) restated that (as reported by Morgan, 
1989), calculated correlations of high school rank, high school grades, and SAT scores 
with first-year college GPA in a study encompassing the academic years 1976 – 1985. 
Historically, over this time span, multiple correlations for high school rank and grades 
ranged from r = .48 to .52, thus, between 23.0 to 27.0% of first-year college GPA 
variance can be explained by high school rank and grades on college GPA. Further, 
Noble and Sawyer (1987) had previously reported that as much as 39% of the variance at 
the post-secondary level for chemistry course achievement is attributed to performance in 
high school chemistry coursework. Likewise, Sawyer (2010) more recently reported 
similar results for the academic years of 1970 – 1971 through 2006 – 2007, where 
multiple correlations of high school subject-area grade averages ranged from r = .48 - .51 
(or 23.0 – 26.0%, variance explained) of first-year college GPA.    
 The reported predictive models typically have relied on cross-sectional data where 
few studies have taken a grade-level or longitudinal approach to predict student 
achievement as a function of prior cumulative, discipline-specific academic achievement 
(Ma & Wilkins, 2002). In this context, no predictive model has considered high school 
chemistry course achievement beyond operationalizing variables concurrently with or for 
prior course achievement (Ma & Wilkins, 2002; Walberg, 1992; Zins, Bloodworth, 
Weissberg, & Walberg, 2004), nor have any models reported factors contributing to a 
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prediction of enrollment into secondary chemistry courses. Determining course 
enrollment and achievement is essential in allocating recourses to increase the likelihood 
of students entering and successfully completing an education in the STEM fields. The 
secondary chemistry course is a fundamental sophomore-level course essential to 
subsequent enrollment in advanced science courses in high school. The general chemistry 
curriculum, however, is one of the most challenging that a student in the secondary 
education system can experience, given the convergence of multiple academic and 
analytical skills derived from a divergent number of prior courses. Given the rigorous 
nature of the chemistry course content, the institutional goal of the school district was to 
increase both student achievement levels and the number of students prepared to enroll 
into secondary chemistry courses. Therefore, a valid model for predicting enrollment and 
student achievement in chemistry may be helpful to administrators to inform decisions 
for designing and implementing pedagogical and instructional interventions to target at-
risk students identified before their entry into the secondary system, thereby allowing for 
a more efficient allocation of resources. Prior identification may enhance student-specific 
learning gains for students identified as at risk for non-enrollment or failing a chemistry 
course. This predictive modeling may enhance future enrollment and yield greater 
probabilities of student success while informing decisions involving human capital in 
addressing specific pedagogical needs at the student, classroom, or site level.     
The Research Problem 
 Many analytical research inquiries are at the forefront in improving student 
achievement in the secondary education system. Before designing and implementing any 
pedagogical or instructional interventions to improve student achievement in a course 
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curriculum, however, it is important to first develop an effective model to predict the 
odds of student enrollment and the likelihood of successful course achievement prior to 
student matriculation into the 10th grade (Maki, 2004). Early identification of at-risk 
students will enable researchers and practitioners to develop effective interventions that 
could improve the odds of student success in secondary chemistry (Maki, 2004). 
Currently, there is no acute or longitudinal predictive model through which a reliable and 
accurate prediction can be made of either the prevalence of student enrollment or the 
likelihood of passing a secondary chemistry course. Therefore, the focus of this study 
was to develop and evaluate predictive statistical models employed to determine the odds 
of student enrollment and achievement in a 10th grade chemistry course. To achieve this 
goal, two separate predictive models were developed and tested in parallel to evaluate 
inputs from each grade level for the five academic years preceding completion of the 10th 
grade (sixth through 10th grades). For the current study, evaluation of each logistic model 
analyzed the classification accuracy and the amount of variance accounted for in order to 
determine how strongly each model predicted the odds of student enrollment and course 
achievement. Furthermore, for this study, evaluation of each predictor within each model 
assessed the relative level of significant contribution made by the variable in terms of 
effect size, as measured by Cohen’s d or where appropriate odds ratio (OR), (Sánchez-
Meca, Marín-Martínez, & Chacón-Moscoso, 2003). In this study, predictions for 10th 
grade high school chemistry course outcomes are a logistic projection of student data 
obtained from archived achievement data. From the archival records, construction of the 
research database proceeded after data processing and cleaning; this database contained 
all student-level achievement measures and demographics for the 2013 academic cohort 
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of students from a metropolitan school district in Florida. The 2013 cohort consisted of 
two subsets—one for those students who had completed a chemistry course and one for 
those students who completed an alternative science course; all other cases are excluded 
from this study. The 2013 cohort served as the primary research dataset for model 
building and testing (model training) for the full range of cases and was from where a 
portion of the original data was used to facilitate model replication for cross-validation 
purposes. In all instances, the precision with which the 10th grade chemistry course 
enrollment and achievement could be predicted was based on the evaluation of each 
individual logistic model classification accuracy and the variance accounted for, starting 
in 10th grade and proceeding backward through the sixth grade. In order to confirm the 
faithful facilitation of the prediction outcomes across all models for the odds of 
enrollment and course achievement, the most accurate and practical set of logistic models 
were identified, fielded, and reported in this final report.  
Problem Statement and Theoretical Framework 
 
 The problem addressed by this study was to examine the factors that best predict 
the odds of student enrollment and the odds of passing 10th grade chemistry course. The 
results of this study are useful for identification of students academically at-risk 
preceding their matriculation into the secondary education system.  As such, this study is 
exploratory in nature.  Regarding the theoretical framework of this study, there are three 
alternative views concerning the nature of longitudinal relations between prior student 
characteristics and later 10th grade chemistry outcomes that will be examined.   The first 
is that level of prior achievement in mathematics and/or science in the early grades is key 
to future success and acts as a bottleneck for pathways into chemistry enrollment and 
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achievement (see Figure 1). The second alternative view is that more general 
achievement is key, such that prior mathematics and science and more reading-intensive 
courses such as English and/or history all uniquely predict 10th grade chemistry 
outcomes (see Figure 2).  Finally, a third alternative view suggested by the literature is 
that demographics and student behavior also uniquely contribute to chemistry 
performance, while controlling for each other and prior academic achievement (see 
Figure 3).  It is noted that for parsimony the third alternative view does not make any 
claims concerning which of the academic achievement areas uniquely predict 10th grade 
chemistry outcomes. 
 
 
Predictors                 Later Chemistry Outcomes 
 
 
 
 
 
 
 
 
Figure 1. First view: Only prior mathematics and science achievement are uniquely 
predictive of future chemistry outcomes (as depicted by the arrows).  
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Figure 2. Second view: Prior mathematics and science and more reading intensive 
courses such as English and/or history all uniquely predict 10th grade chemistry course 
achievement (as depicted by the arrows). 
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Figure 3. Third view: Both prior academic achievement and student demographics and 
behavior are uniquely predictive of future chemistry outcomes (as depicted by the 
arrows).  
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Research Objectives 
1.  Identify, select, and employ the appropriate predictor/composite variables that 
can be used as the inputs for the predictive models which can forecast the odds of 
chemistry course enrollment and achievement; and  
 2.  Compare each significant predictive model using a subset of data from the full 
research database to replicate the findings from each of the full model iterations.    
Research Questions 
1.  Does academic achievement—as measured by calculated course-letter grades 
for mathematics, English literacy, history, science, and FCAT (achievement level) — 
accurately predict the proportion of students who enroll in chemistry or an equivalent 
science course in the 10th grade? 
2.  Do student demographics (gender, race, SES, ESE/ELL) uniquely predict 
enrollment in chemistry in the 10th grade when controlling for the effects of prior grades 
and standardized test scores? 
3.  Does behavior in terms of absences and/or suspensions uniquely predict 10th 
grade chemistry enrollment while controlling for academic course achievement, FCAT 
mathematics and reading achievement levels, and student demographics by grade level? 
4.  Do course letter grades for mathematics, English literacy, history, science, and 
FCAT achievement accurately predict the proportion of students who pass chemistry in 
the 10th grade? 
5.  Do student demographics (gender, race, SES, ESE/ELL) uniquely predict 
passing chemistry in the 10th grade while controlling for the academic achievement and 
standardized test scores? 
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6.  Do student absences and/or discipline history uniquely predict passing 
chemistry in the 10th grade while controlling for the effects of prior grades, standardized 
test scores, and student demographics? 
7.  How consistent is the calculated discipline GPAs of student grades from year-
to-year? 
Audience 
 Significant predictors and accurate predictive models of student enrollment and 
success have been long sought after in the field of education. Research has primarily 
focused on domains such as mathematics, English literacy, behavior, and/or attendance 
for effects on enrollment and achievement to shape policy and drive curriculum reform 
(Acquarelli & Mumme, 1996; Bodovski, Nahum-Shani, & Walsh, 2013; Gu, Solomon, 
Zhang, & Xiang, 2011; Gullo, 2013; Hauptli & Cohen-Vogel, 2013; Obrentz, 2012; 
Vigdor, 2012). Such findings represent a growing body of evidence that both investigates 
and explains how students learn and conceptualize (or incorrectly conceptualize) topics in 
the physical sciences (Christian & Yezierski, 2012; Cokelez, 2012; Luxford & Bretz, 
2014; Newman, 2013; Ramful & Narod, 2014). This study contributed to this growing 
body of literature through an investigation of prior academic predictors of student 
enrollment and achievement in secondary chemistry courses by means of developing 
logistic regression models that could be transferrable and generalizable to future student 
cohorts. The logistic models were able to identify subsets of students at risk for non-
enrollment or course failure before matriculation through 10th grade.   
The current study is guided by the assumption that early identification may 
potentially enhance student outcomes by catalyzing revisions to policy and cultivating 
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curriculum reform, which could change the academic trajectory for students prior to 
maturation into the secondary education system. By detecting early predictors, which 
significantly contribute to the odds of course enrollment and achievement, stakeholders 
are empowered to develop and implement interventions that could positively influence 
future cohort outcomes. From a practical perspective, future works should explore 
measures of the effectiveness of policy and/or interventions enacted to change the 
academic trajectory of students susceptible to low enrollment or course failure.     
The predictive model testing was possible within the educational institution since 
school districts accumulate longitudinal achievement data on an exponential scale. With 
modern analytical techniques, it is now possible to construct highly predictive models 
that move well beyond correlation analysis or models that are restricted to continuous and 
ratio data (linear regression) for causal inferences. Indeed, modern analytical 
methodologies give rise to predictive models that allow for linked linear functions for 
multiple inputs that may be continuous, ordered, or nominal and outcomes, which may be 
dichotomous in their nature (Osborne, 2015). Given the mixed continuous and discrete 
nature of the inputs coupled with the dichotomous nature of the outcomes, the logistic 
link function is essential to model the odds of course enrollment and achievement. 
According to Cox (1958) and Osborne (2015), the logistic model can be considered a 
special case of the general linear model where the logistic model approach is analogous 
to linear regression for predictive modeling through the logit-link function yielding a 
curvilinear relationship between the model inputs and the model outcome (Osborne, 
2015). Through the identification and validation of effective logistic modeling, future 
researchers may use similar logistic methodology to evaluate student outcomes. This, in 
17 
 
turn, may empower researchers, practitioners, and policymakers with an effective tool to 
forecast student outcomes and identify subsets of students who may benefit from early 
academic intervention. This may then have a positive downstream impact on post-
secondary education. Therefore, this line of research could indirectly contribute to an 
increase in the number of successful STEM-degree seekers. 
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Chapter 2: Literature Review 
 
Chemistry Course Enrollment 
 Though discussion in the literature has persisted for over 100 years, post-
secondary education enrollment in the STEM fields has received increasing attention 
since the 1970s, particularly as it is critical for enhancing the national economy 
(Gasiewski, Eagan, Garcia, Hurtado, & Chang. 2011). Growing concern for America’s 
ability to maintain its competitive position in the global marketplace has placed new 
scrutiny on the education system at all levels, requiring the modern education system to 
produce more graduates with expertise in STEM fields. Yet Gasiewski et al. (2011) have 
reported that introductory STEM courses remain gatekeepers into the STEM fields. 
Despite a national sense of urgency, the percentage of U.S. undergraduates pursuing and 
earning STEM degrees has changed little over the years (Eagan, Hurtado, Figueroa, & 
Hughes, n.d.). Between 2003 and 2009, persistence of enrollment in STEM fields 
accounted for 63.8% of all bachelor’s-degree-seeking students; it is reported that, by 
2009, 30.9% of students enrolled either withdrew or failed at least one core course in the 
STEM pipeline and that 48.3% either left college without a degree or switched to a 
different major (Chen & Ho, [NCES], 2012). The physical sciences make up 32.6% of 
the total STEM enrollment rate, of which only 54% of students persisted in a major for 
the physical sciences, thereby indicating an attrition rate of 46% (NCES, 2012). The data 
focused on the enrollment and attrition of first-time college freshmen indicate that the 
majority of attrition occurs within the first two years of STEM coursework (Gasiewski et 
al., 2011). For those students who have successfully completed a STEM degree program, 
students who had a high school GPA of 3.0 or higher were 10.3 times more likely to 
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successfully complete a STEM program than those entering with a GPA of 2.0 or lower 
(W. L. Johnson, Johnson, & Johnson, 2012). This evidence further suggests that high 
school achievement has a direct effect on post-secondary achievement and future 
investigations should explore the link between rigorous course enrollment and successful 
achievement. These factors have been reported to contribute to the likely pursuit of 
STEM programs and the subsequent completion of STEM degrees. In contrast, rates and 
factors that moderate enrollment and achievement, specifically in secondary chemistry 
courses, are not reported in the research literature.    
Academic Achievement in Secondary Chemistry 
 There is ever-increasing concern for accountability in terms of student progress 
and course achievement in secondary education. This growing concern is a consensus of 
the general research-based perception that student improvement in core course 
achievement indicates both instructional and institutional effectiveness (Borden & 
Young, 2008; Kim et al., 2006; Maki, 2004). Research supports the general perception 
that prior course achievement strongly predicts future achievement in subsequent courses 
in secondary education (Duncan et al., 2007; Hemmings et al., 2011; House et al., 1996; 
McKenzie & Schweitzer, 2001; Watts et al., 2014; Zeegers, 2004). Watts et al. (2014) 
reported significant results for longitudinal learning gains in mathematics stemming from 
preschool proficiency to high school achievement; Lensnick, Goeroge, Smithgall, and 
Gwynne (2010) independently reported similar results in the area of reading literacy. The 
logical convention, then, would be to increase the level of student achievement in the 
early academic years. This longstanding institutional endeavor has given rise to an 
intense focus on and call for national policy and research with a particular emphasis on 
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mathematics and English literacy at all levels of the K–12 system. Thereby, 
demonstrating increased levels of course achievement quantitatively validates the K–12 
educational institution’s success in implementing reform measures for select target 
outcomes. Institutions can strategically position to meet the targeted outcomes within the 
K–12 setting, as measured by high-stakes standardized tests such as the FCAT, through 
demonstration of students’ preparedness for post-secondary careers and/or education. 
Measuring the institution’s effectiveness as a function of student achievement is an 
increasingly important endeavor through which various theoretical frameworks continue 
to produce predictive models designed specifically to address academic achievement at 
the student level (Maki, 2004).   
Although predictive models generally fall within the same theoretical framework, 
each study must operationalize variables differently to respond to a diverse range of 
research questions. Variable operationalization must proceed with caution in order to 
avoid consequential effects on predictors, which increase or compound variability, are 
limited to a particular context, and may not be generalizable beyond the scope of the 
original study (Goenner & Snaith, 2004; Nonis & Wright, 2003). In the current project, 
the method of operationalizing the predictors across all models did not limit the 
successful model to one constrained context, which is often the case for regression or 
correlational analysis. Rather, the successful logistic models of this study are accurate 
and faithfully replicate the findings for classification in terms of the odds of course 
enrollment and achievement in all subsequent replicate model iterations.   
 Should school districts decide to employ the reported successful, predictive 
models described, this research may have direct effects on both enrollment and 
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achievement outcomes at the K–12 level by catalyzing policy and pedagogical reform to 
increase student achievement. By this logical convention, then, this research may also 
have an indirect effect at the post-secondary level. To this end, if the K–12 predictive 
modeling directly informs stakeholders on the predictors that affect course enrollment 
and achievement, this insight may indirectly catalyze policy changes that influence the 
predictors in practice. Following this convention in logic, an improvement at the 
secondary level may directly influence student performance at the post-secondary level, 
as previously described. Moreover, at the post-secondary level, chemistry course 
achievement typically serves as a gatekeeper for subsequent science coursework and, 
again, has national failure rates ranging from as low as 46% (Chen & Soldner, 2013) to as 
high as 70% (Chambers, 2005). At the secondary education level, however, similar rates 
have not been reported in the research literature. The relatively high number of students 
who either performed poorly or withdrew from general coursework in post-secondary 
chemistry courses has prompted researchers to investigate factors that describe, correlate, 
and linearly predict the potential for a student’s success in general chemistry courses 
(Clark, 2011; Easter, 2010; Nordstrom, 1989; Wagner, Sasser, & DiBiase, 2002). As 
previously noted, SAT/ACT scores, high school grades in chemistry and mathematics, 
high school GPA, and institution-specific placement exams are the strongest predictors of 
subsequent student academic outcomes (Noble & Sawyer, 2002). These predictors, 
explored with descriptive, correlational, and/or regression models, explain the majority of 
student level variance at the post-secondary level (Nordstrom, 1990; Zuidema & Eames, 
2014).   
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Specifically, Watts et al. (2014) reported a significant relationship for 
mathematics for a sample of 828 students. Watts et al. reported measuring students at 4.5 
years of age, 1st, 3rd, 5th grades, and at 15 years of age with the Woodcock Johnson-
Revised (applied problems subtest for mathematics achievement). This uniquely 
explained 25.4% of the variance in high school mathematics achievement. Moreover, 3% 
of the variance was uniquely explained beyond prior achievement in mathematics when 
controlling for the effects of subfields of English literacy to achievement in mathematics. 
Moreover, high school mathematics achievement accounts for 23.2% of the variance 
explained in general college achievement for a sample of 699 students (Pugh, 2004). 
Furthermore, Imam, Mastura, Jamil, and Ismail (2014) measured 666 high school 
freshmen with a standardized reading assessment at a single time point and found that 
reading competencies (e.g., vocabulary, main idea, inferences, predicting outcomes, 
drawing conclusions) explained 44.9% of achievement for general high school 
achievement. These results significantly accounted for 1.2% of the explained variance in 
science achievement.   
In a sample of 10,498 students, high school science GPA explained 32.3% of the 
variance in post-secondary final GPA (4-year programs; Geiser & Santelices, 2007). 
Additionally, Geiser and Santelices (2007) found that high school mathematics, social 
sciences, and other academic classes accounted for 26.3%, 31.2%, and 29.4% of the 
variance, respectively, for final college GPA in three large samples of students. SES, too, 
accounted for 4.0% of the variance in high school academic achievement relative to 
predicting GPA (Worley, 2007), and, after controlling for SES, high school GPA 
accounted for 24.0% of the variance explained in first-year college achievement for 
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students continuously enrolled in the same school district from first through eighth grade 
(Wilson, 1983). Similarly, for a sample of 631 high school students, 25.0% of the 
variance in college GPA was explained by high school GPA (Wilson, 1983). Considering 
standardized college entrance tests, Noble and Sawyer (1987) reported that ACT 
composite scores explained 23.8% of the variance in achievement in first year college 
students (n = 919) and 51% of the variance in college chemistry achievement for a 
sample of 191,626 freshmen college students, while 39% of the variance was explained 
by high school chemistry grade. Noble and Sawyer additionally reported that the SAT 
Mathematics and Verbal subtests accounted for 45% and 23% of the variance, 
respectively, for achievement (n = 1,032) among freshmen students. Hayali (2013) 
further reported that the SAT composite score explained 40.2% of the variance (n = 
4,707).   
An explanation of the foregoing results demonstrates that SAT scores, high school 
chemistry grade, or institution-based placement examinations singularly capture the 
variance in college-level chemistry achievement (Nordstrom, 1990).  Though it is 
reported that the total r2 using multiple predictors was similar to the variance accounted 
for when only one predictor was included, the inclusion of multiple predictors for course 
letter grades did not predict any better than the r2 for simpler models, nor did any reported 
models significantly predict achievement singularly (Nordstrom, 1990). High school 
achievement, in terms of cumulative GPA or final chemistry course grade(s), is typically 
considered a predictive indicator for college achievement in general chemistry. However, 
few predictive models have explored student achievement in high school beyond 
mathematics, skills in English proficiency, or predicting the probability of graduation. In 
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light of the findings pertaining to post-secondary outcomes, the literature clearly 
demonstrates a causal link between post-secondary and secondary achievement, 
explaining general achievement in chemistry because of prior performance at the 
secondary level. High school chemistry course achievement has explained as much as 
39% of subsequent variance at the post-secondary level in chemistry course achievement 
(Noble & Sawyer, 1987; 2002). This indicates that it is of scholastic and practical 
importance to investigate variables as inputs for a predictive model for secondary 
chemistry course enrollment and achievement. An early predictive model for enrollment 
and achievement is of practical importance to determine the odds of successful course 
completion in chemistry, given the direct impact on post-secondary achievement. A 
Boolean search on the Education Resources Information Center (ERIC) for predicting 
high school chemistry achievement yielded 16 peer-reviewed articles spanning 49 years 
of research; of the articles, only one was relevant to carrying out predictive modeling for 
secondary chemistry course achievement. Of particular relevance is a study performed by 
W. L. Johnson et al. (2012), where a convenience sample of 100 students was conducted 
to determine the probability of their successfully completing the Texas chemistry end-of-
course test, known as the State of Texas Assessments of Academic Readiness (STAAR). 
W. L. Johnson et al.’s logistic model was derived from the prior year’s performance on 
the standardized science assessment (independent variable) and the STAAR pilot-test 
results (dependent variable) for the same students. 
In addition, an alternative Boolean search of the ERIC database for high school 
chemistry achievement yielded 590 peer-reviewed articles that also spanned 49 years of 
research where, after controlling for W. L. Johnson et al.’s (2012) study, there were no 
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relevant reports for predicting high school chemistry course achievement. A final 
Boolean search in the ERIC database for predicting secondary chemistry achievement 
returned five results, and, again, after controlling for W. L. Johnson et al.’s article, there 
were no remaining relevant reports. Likewise, high school chemistry course achievement 
has not been a focus of predictive modeling (Grier, 2012; Johnson, W. L., et al., 2012; 
O’Connor, Miranda, & Beasley, 1999; Walberg, 1992; Zins et al., 2004). Furthermore, no 
reported model has attempted to predict the probability of enrollment into high school 
chemistry courses.   
Previous studies have documented the expansion of predictive modeling 
longitudinally (Lesnick et al., 2010; Watts et al., 2014) and cross-sectionally (Hanson & 
Ginsburg, 1988; Johnson, E. S., Galow, & Allenger, 2013; Johnson, W. L., et al., 2012). 
A critical review of the literature, however, yielded no reports of primary research for 
predictive modeling for the odds of enrollment or achievement in the natural sciences at 
the secondary education level as a function of prior course coursework in general core 
subjects. This was explicitly true for the physical sciences, particularly for secondary 
chemistry. Rather, the literature is limited to post-secondary institutions with a general 
focus on enhancing achievement and subsequent science major enrollment beyond 
introductory courses. In practice, a predictive model is able to explain the representative 
trajectory of course enrollment and achievement in the natural sciences, whereas this 
study specifically addresses the odds of student enrollment and successful achievement in 
a secondary chemistry course.   
 
 
26 
 
Difficulty in Learning Chemistry 
Factors affecting student academic performance. As previously stated, the 
secondary chemistry course may be one of the most challenging courses that students can 
encounter during their high school career. There are several reasons for this. First, solving 
chemistry problems requires students to possess linear algebra skills prior to course 
enrollment. Second, the course requires students to demonstrate an understanding of the 
underlying concept connected to the variables represented by the algebraic equation 
coupled with an understanding of the sub-microscopic, macroscopic, and symbolic 
representations of the nature and phenomena of matter (Sirhan, 2007). Finally, the course 
requires students to interpret word problems with varying levels of nuance to extract the 
appropriate variables, then select and utilize the correct algebraic equation to solve for the 
unknown variable. Adding to the difficulty are the numerous rules and special conditions 
associated with chemistry content that range in topic from significant figures to periodic 
trends, which underlie most applied chemistry concepts (Sirhan, 2007).   
 Prior knowledge. Academic achievement in mathematics and English literacy is 
likely to influence the probability of a student achieving success in the chemistry course. 
This study investigated the strength of this relationship, as measured by prior academic 
GPA and FCAT scores. Extensive research on prior knowledge of mathematics and 
English literacy has established a link between sequential achievements (learning gains) 
from preschool through high school. However, there is no directly reported link between 
elementary, middle, and high school achievement and chemistry achievement. The 
Trends in International Mathematics and Science Study (TIMSS) and the National 
Assessment of Educational Progress (NAEP) each measure general science knowledge 
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longitudinally but do not specifically examine a causal or correlational link between 
achievement gains in science content knowledge from year to year and chemistry 
achievement (NCES, 2013). Rather, each assessment attempts to evaluate a large range of 
topics from the natural and physical sciences (NCES, 2013). Moreover, specific prior 
knowledge in chemistry significantly predicts post-secondary chemistry course 
achievement (Seery, 2009), highlighting the current study’s practical importance.    
 Prior achievement. For this study, prior achievement was defined as the average 
of the summation of each quarter’s letter grades throughout each academic year in 
mathematics, English, history, and science, while excluding any course-specific final 
examinations (if reported). The summative function of each course of study involved 
taking the sum of each quarter’s letter grade for each individual course of study after re-
coding each letter grade to an appropriate numeric value to yield individual performance 
addends (e.g., A = 4, B = 3, C = 2, D = 1, F = 0) for SPSS analysis, where the course 
average was then calculated. Letter grades remain one of the most universally accepted 
indicators of achievement in educational settings despite reported levels of latent 
variability at the individual level associated with the various methodological approaches 
for letter grade determination by teachers (Ayan & Garcia, 2008). Considering this, in the 
current study, letter grade transformation was successfully achieved with 
operationalization at the individual level for evaluation at fixed temporal points and for 
cumulative analysis as a composite indicator longitudinally. It was critical to explore the 
predictors for each independent academic year predating the chemistry course in the 
evaluation of the predictive models as prior achievement has significant, overt effects on 
future student achievement. In fact, Harachiewicz, Barron, Tauer, and Elliot (2002) 
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reported that high school performance is highly predictive of both short- and long-term 
academic success in post-secondary education; Ayan and Garcia (2008) later confirmed 
those findings, particularly as they relate to post-secondary chemistry. Likewise, research 
also indicates that prior course achievement is strongly predictive of future achievement 
in subsequent secondary-education courses (Duncan et al., 2007; Hemmings et al., 2011; 
House et al., 1996; McKenzie & Schweitzer, 2001; Watts et al., 2014; Zeegers, 2004). 
Also, Watts et al. (2014) reported significant results for longitudinal learning gains in 
mathematics stemming from preschool proficiency to high-school mathematics 
achievement, and similar results have been reported for reading literacy (Lesnick et al., 
2010).    
 Standardized testing. Standardized test predictors were derived from the 
performance bands (achievement levels), as measured by the FCAT mathematics and 
reading subtests, where Buck, Torgesen, and Schatschneider (2001) reported the 
theoretical validity of such a performance prediction. Therefore, only the FCAT 
performance band scores were useful in the predictive molding because of the reported 
inconsistency in which the normalization procedures for the development of scaled scores 
were applied (McBride & Wise, 2001).  
 Attendance. This study also considered the effects of absenteeism on the odds of 
course enrollment and achievement. Gottfried (2009) investigated the magnitude that the 
longitudinal effects of absenteeism had on standardized English and math achievement 
scores for 34,414 second– through fourth-grade Philadelphia public-school students 
between 1994 and 2004. Gottfried evaluated the types of absences (excused vs. 
unexcused) in terms of the proportion of absence types relative to achievement outcomes, 
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reporting that students with more unexcused absences were at greater academic risk, 
particularly in math.   
Additionally, Kay (2010) reported similar findings for 10,403 Georgia students, 
where unexcused absences explained 6% of achievement variability on the Georgia social 
studies graduation test. Kay further reported an observation that for each unexcused 
absence, a 1.33-point decrease in high-stakes test scores occurred. In the Los Angeles 
public school system, Silver, Saunders, and Zarate (2008) reported similar findings in the 
2001 high school freshman cohort (N = 70,108), where failing a single academic course 
was associated with a dropout rate of nearly 40%. Moreover, this rate increased by nearly 
10% for each subsequent course failure (Silver et al., 2008). Thus, it is of scholarly 
importance to consider student absence rates longitudinally as a predictor of both 
chemistry course enrollment and (separately) achievement.   
 Behavior. For this study, in tandem with attendance as a predictor, the total 
number of accumulated suspensions (external, internal, and/or alternative to external) is 
considered. Whisman and Hammer (2014) investigated the relationship between student 
discipline history and academic achievement among 160,480 Virginia public school 
students and reported that students with one or more referrals for misbehavior were 2.4 
times more likely to score below proficiency in standardized mathematics achievement 
when compared to students without a disciplinary history. Historically, Myers, Milne, 
Baker, and Ginsburg (1987) reported similar findings and noted that increasing the 
number of behavioral incidents longitudinally affected achievement gains, but poor 
achievement did not contribute to increasing numbers of disciplinary incidents 
longitudinally. The predictive model testing for this study considered the number of 
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discipline incidents, in terms of total days suspended, for longitudinal effects on both 
enrollment and achievement outcomes while considering and controlling for absenteeism, 
student demographics, and prior academic achievement in separate model iterations.   
Other factors. Ayan and Garcia (2008) reported that individual demographics, 
such as SES, gender, and ethnicity, explained moderate levels of variance (as much as 
20%) in other linear approaches, while including institutional effects (e.g., school 
climate, population density, teacher–student ratio) only contributed 7% more explained 
variance. Ayan and Garcia further reported that including motivation and study habits did 
not contribute to the explained variance. The proposed study will only include individual-
level demographics, such as SES (as measured by free/reduced-priced lunch status), 
gender, race, exceptional student education (ESE), and English language learners (ELL).  
Future work should consider the hierarchical nesting of students as members of different 
classrooms clustered by school as well as the impact of each level in course enrollment 
and achievement outcomes.   
Demographic variables. The demographic variables included were dichotomous 
variables for gender, SES (calculated from reported by free or reduced-priced lunch plan 
status), and ESE/ELL. For this study, categorical variables were useful to classify types 
of self-identified race as predictors.  
Gender. Gender has been the focus of many investigations in terms of overall 
academic attainment between males and females over time (Hyde, Lindberg, Linn, Ellis, 
& Williams, 2008; Legewie & DiPrete, 2014; Scafidi & Bui, 2010). Legewie and DiPrete 
(2014) reported that, over the last few decades, there has been a nearly complete reversal 
in the academic attainment gap between men and women; as of 2009, women earned 
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nearly 60% of all bachelor’s degrees awarded in all disciplines. Likewise, the observation 
of a gender-based attainment gap in K–12-mathematics education is nearly closed (Hyde, 
Lindberg, Linn, Ellis, & Williams, 2008; Legewie & DiPrete, 2014; Scafidi & Bui, 
2010). This dissertation specifically examined enrollment and achievement at the 
secondary level for a physical science central to all other STEM fields. However, it did 
not evaluate the magnitude of those outcomes on post-secondary STEM trajectories. This 
initial analysis was a necessary step to describe the population evaluated and will 
contribute to the growing body of research to explore the shrinkage and/or reversal of the 
STEM gender gap. Future research could evaluate secondary STEM (chemistry) 
enrollment rates and achievement levels for post-secondary STEM fields.   
Race. The role of race has long been the focus of many extensive investigations 
in K–12 education and beyond, with a particular historical focus on the demonstrated 
gaps in academic achievement for underrepresented student subgroups (Lorah & Ndum, 
2013). As early as 1980, an entire field of research emerged specifically investigating 
urban student achievement (which often comes in tandem with low SES) to address the 
persistence of poverty in underrepresented racial/ethnic groups (Laird, Alt, & Wu, 2009). 
Despite decades of research and social policy changes to decrease the negative effects of 
socioeconomic vulnerability on achievement, the perseverance of the achievement gap in 
STEM fields remains, and underrepresented racial/ethnic groups continue to lag behind 
their peers in STEM disciplines (Laird et al., 2009; Loveless, 2012). Therefore, there is a 
continued need to consider the impact of race and SES on chemistry course enrollment 
and achievement.   
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SES. SES is often considered in tandem with race as a marker denoting limited 
social resources (Grosset & Hawk, 1986; Matuszek & Haskin, 1978; Palardy, 2013). In 
this study, SES is an estimate of each student’s economic vulnerability. Evaluation of the 
SES variable is a consideration when the variable is as an aggregated ratio of the SES 
indicator relative to the number of students who have completed either a chemistry 
course or equivalent and are existential considerations at the individual level for their 
contributions to the odds of successful course outcome (Bastedo & Jaquette, 2011; 
Palardy, 2013).   
ESE and ELL. Vast bodies of research reports have documented the effects 
concerning both ESE and ELL on learning gains in core academic disciplines. ESE and 
ELL, both have been reported to have negative effects on academic learning outcomes. 
However, no research directly addresses their effects as predictors for chemistry 
achievement (Chamot, 2004; Cline & Shamsi, 2000; Compton, Fuchs, Fuchs, Lambert, & 
Hamlett, 2011; Flores & Kaylor, 2007; Klingner, Vaughn, Huges, Schumm, & Elbaum, 
1998). Therefore, evaluation of both ESE and ELL status is an individual-level 
consideration of modeling efforts to determine if either student classification yields a 
significant contribution to the classification accuracy and variance for each predictive 
model for the odds of enrollment and course achievement. Evaluation of both predictors 
allowed for a determination of the equitability for access to chemistry course enrollment 
when compared to alternative course enrollment. Note that the data cleaning occurred 
prior the distribution of the research database, and the student level variable was only 
dichotomous in nature and not a reflection of the level or type of intellectual disability or 
the degree of English language proficiency. Rather, the ESE predictor only considered 
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each year’s eligibility dichotomously and included all levels of service, excluding the 
gifted classification. Likewise, the ELL predictor also considered each year’s eligibility 
dichotomously but negated the actual level of service. Therefore, both the ESE and ELL 
variables proved to be informative but limited in terms of being a practical explanatory 
value. Exploration of the ESE and ELL variables, although beyond the scope of this 
study, should certainly have to be considered in greater depth in future studies.  
Utility of a Predictive Model 
 The construction of a predictive model grew out of an unprecedented demand for 
accountability, efficiency, and effectiveness among schools, students, and staff. To meet 
this demand, policy makers and stakeholders increasingly have become focused on 
approaches that increase student achievement as measured by standardized high-stakes 
tests, resulting in retroactive data analysis and policy designing (Moses & Nanna, 2007). 
Predictive modeling is a more direct and proactive method by which to anticipate student 
course-enrollment behavior and successful course outcomes (Goenner & Pauls, 2006; 
Smith, Lange, & Huston, 2012). To meet this need, Johnson et al. (2012) demonstrated 
that logistic regression models could be constructed from archival student data and 
reliably predict student performance on the Texas chemistry STAAR end-of-course exam 
for a small sample (N = 100). Johnson et al.’s (2012) used three years of previous 
standardized science achievement tests scores as predictors in their logistic regression 
model.  Johnson et al.’s (2012) logistic regression models accurately predicted 93% of 
student outcomes on the STAAR exam with approximately 75% of the model variance 
explained. 
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Purpose of the Study 
The purpose of this study was to develop a highly predictive analytical model to 
assess the odds that a student will enroll and achieve success in a 10th grade high school 
chemistry course. Logistic regression was the primary model for the independent 
investigation of both course enrollment and achievement outcomes.    
For this study, logistics modeling is an evaluation of the predictors derived from 
prior academic achievement, high-stakes test scores, attendance, behavior, and 
demographics. After determining the most accurate model in terms of classification 
accuracy and variance accounted for, predictive modeling—which employs similar 
predictor operationalization—could be useful for future student cohorts to identify 
students needing early academic intervention to improve academic outcomes. Indirectly, 
the overarching goal of this study was to increase the odds of both student enrollment and 
successful completion of the secondary chemistry course by catalyzing policy and/or 
pedagogical interventions that could be implemented to address at-risk students based on 
model forecasts. For this study, predictive modeling was useful when employing a 
logistic regression approach to evaluate both grade-level specific and cumulative 
computations for development of predictors derived from archived student records. 
Consideration of the individual predictors entering the logistic models for this study 
occurred while controlling, individually, for the effects of student attributes, behaviors, 
and prior achievement.   
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Chapter 3: Methods 
Participants 
The sample consisted of students who were enrolled in a chemistry course, or in 
an alternative course in lieu of chemistry, for the 2013 academic year. The sampling for 
this study was drawn from an academic cohort for a single metropolitan school district in 
Florida, ranking in the top 10 largest districts in the nation. Across the district, total 
enrollment was 195,783 students for the 2013 academic year. Of the students, 51.3% 
were female; the racial composition was as follows: 38.5% White, 21.5% Black, 32.5% 
Hispanic, 3.3% Asian, and 0.3% Native American. Further, for this study, 56.8% of the 
sample subjects were eligible for either free or reduced-priced lunch, 14.5% were ESE 
students, and 11.4% were ELL students (FLDOE, 2013).   
Procedure 
Data collection. Obtaining research data was in collaboration with the 
participating school district. Retrieval of the archival academic data facilitation was the 
function of the district’s Assessment and Accountability Department. In obtaining the de-
identified archived student data, the participating district employed data filtering to 
identify, for the research database, students who had completed a high school chemistry 
course or a science course in lieu of chemistry during the 2013 academic year. Extracted 
achievement data for the entire cohort extended back five academic years. Specifically, 
the data for each case included the following:  
1. each quarter’s letter grade awarded for each core course of study completed 
from the 10th grade back to the first quarter of sixth grade for mathematics, English 
literacy, history, art (visual, dance, drama, theatre, and/or music), and science;  
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2. each FCAT subtest (mathematics, reading, and/or science) scaled score and 
performance band score for every test cycle from sixth through 10th grade;   
3. each academic year’s attendance, specifically total number of days in 
attendance and number of excused and unexcused absences; 
4. the total number of each type of suspension for each academic year, including 
external, internal, alternatives to external, and bus suspensions;  
5. participant’s gender;   
6. participant’s race;  
7. free/reduced-priced lunch status; and 
8. receipt of special education services for either Exceptional Student Education 
(ESE) or English Language Learner (ELL).   
Prior to the release of the raw research data, each case was assigned a case 
number by the County Assessment Department; thus, cases were not identifiable by the 
principal investigator or authorized viewers. The research data set was kept on a secure, 
password-protected file until the end of the research project, at which point it was 
destroyed in accordance with the school district policy, which allows the school district to 
maintain the raw data for a minimum period of three years after the completion of this 
project. 
Inclusion and exclusion criteria. Initially, the research cohort was to include any 
student who had completed high school chemistry, or a course as an alternative to 
chemistry, during the 2013 academic year, and on continuous enrollment within the same 
district from sixth through 10th grade. However, students who had discontinued 
enrollment, withdrawn from the chemistry course during the 2013 academic year, or had 
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previously failed the chemistry course were excluded (as this was beyond the scope of the 
project). Additionally, students who had completed the chemistry course online in lieu of 
the traditional classroom experience were excluded from this research project (also 
beyond the scope of this project).  
Data Analysis Strategy 
 For the study, the research sample was collected from archived student 
achievement records warehoused for the population of students who had both (a) 
continuous enrollment within the same metropolitan school district in Florida and (b) 
either completed chemistry or a course in lieu of chemistry during the 2013 academic 
year. The sample represented one academic cohort consisting of 12,102 cases after data 
preparation. Operationalization of the variables selected as indicators of student 
achievement was based on each individual’s calculated GPA by academic year for each 
specific discipline; the contribution of each of the FCAT performance band (achievement 
level) scores was considered, while controlling for nominal and unique student 
characteristics. This study employed multiple logistic models, and this predictor 
operationalization methodology ensured homogeny of the inputs across all rounds of 
model testing. This made the predictive modeling approach much more suitable in terms 
of generalizability; further, it made the approach transferable to other school districts for 
subsequent research on academic courses (e.g., algebra, physics, calculus) or to predict 
the target outputs (course enrollment and achievement) for future student cohorts. The 
methodological approach allowed the predictive models to account for variance 
associated with SES, gender, race, ESE, ELL, attendance, discipline, course letter grade, 
and FCAT test scores as independent predictors of course enrollment and achievement. 
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Specifically, for the course achievement predictors, in terms of GPA, the averages for 
letter grades for each course were calculated as the sum of reported letter grades for each 
independent discipline by marking period. Each course letter grade was re-coded with an 
equivalent ordered numeric value to yield numeric addends (i.e., A = 4, B = 3, C = 2, D = 
1, and F = 0), which were needed in order to calculate the discipline-specific GPAs. The 
creation of this continuous value was used to indicate the overall strength of course 
achievement and, subsequently, was used in model testing to evaluate the effects of each 
academic predictor on the chemistry outcomes. Moreover, evaluation of the predictors for 
each logistic model is critical for interpreting the importance of the academic variables in 
terms of effect and overall contribution of the variable on case classification accuracy 
within any given logistic model.  
At the secondary level of education, passing an academic course is achievable 
with a final letter grade of D or better. Carney and Armstrong (1985) reported that only 
final secondary chemistry letter grades of A or B are significantly predictive of successful 
completion of a college-level chemistry course with a C or better. The scope of this 
research was to predict enrollment and achievement at the secondary level. Successful 
high school chemistry course achievement was considered as the probability of earning 
an A, B, or C, as grades of both A and B are predictive of successful completion of a 
general chemistry in college (Carney & Armstrong, 1985). A grade of C was also 
included because it historically represents the lowest level of sufficient student 
achievement in the K–12 education system.  
Chemistry course enrollment. The goal of this round of model testing was to 
develop and validate a logistic regression model that would be able to predict the odds of 
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student enrollment in high school chemistry course. Predictors for the model were 
derived from letter grades for coursework completed in mathematics, English literacy, 
history, and science, controlling for the effects of FCAT performance band scores for 
students from sixth through 10th grade.   
Logistic regression was useful (and only possible) with the dichotomous 
enrollment (yes or no) outcome as the dependent variable. Evaluation of both the 
combined and unique influences of each predictor was examined with respect to a) slopes 
representing the unique effects of each predictor, b) the classification accuracy,  and c) 
effect sizes for each of the predictors. Effect sizes for logistic regression were determined 
by converting the odds ratio effect size into the Cohen’s d, using the method described in 
Cohen et al. (2003) and Sánchez-Meca et al.’s (2003). Interpretation of Cohen’s d is 
usually based on the following rules of thumb: 0.0 – 0.1 negligible effect, 0.2 – 0.4 small 
effect, 0.5 – 0.7 medium effect, > 0.8 large effect Cohen et al. (2003).   
Chemistry course achievement. The goal of this round of model testing was to 
develop and validate a logistic regression model that was able to predict the odds of 
student achievement in a high school chemistry course, where predication of chemistry 
achievement is predicted from calculated GPAs of prior academic coursework completed 
in mathematics, English literacy, history, and science, controlling for the effects of FCAT 
performance band scores for students from sixth through 10th grade as well as 
demographic and behavioral predictors. The behavioral predictors included rates of 
absenteeism and/or number of days suspended.   
The logistic regression used the dichotomous achievement outcome (pass or fail) 
as the dependent variable. The evaluation of each logistic model for classification 
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accuracy and the amount of variance accounted for by each standardized predictor is 
reported in the findings of this study where the implications of these findings are 
discussed in subsequent chapters.   
Academic letter grade consistency. Determining the degree to which course 
letter grades were consistent from year to year required the employment of a correlation 
analysis. The results of the correlation analysis were valuable to determine the strength of 
the relationship between letter grades from year to year within a single academic 
discipline.   
Standardized test (FCAT) predictors. Performance band scores for the FCAT 
reading test for each grade level from sixth through 10th grade, as well as performance 
band scores for the FCAT mathematics test from Grades 6 through 8 were included as 
predictors; however, FCAT scaled or developmental scores were missing or not 
calculated for multiple years for either the reading or mathematics testing iterations. 
Additionally, non-ubiquitous administration of the FCAT mathematics assessment for 
students in either the ninth or the 10th grade occurred as the result of a secondary school 
mandate for subject-specific testing within the subfields of mathematics at the secondary 
level. In contrast, non-ubiquitous administration of the FCAT science test beyond the 
eighth grade forced the variable into exclusion from all model testing. In the case of the 
FCAT science scores, exclusion of the potential variable was a requisite in order to 
conserve model methodology across all grade levels and iterations of testing. In contrast, 
creation of pseudo-FCAT predictors from course-specific final examinations in 
mathematics for the ninth and 10th grades was plausible and required in order to conserve 
model methodology across all grade levels and iterations of model testing. The FCAT 
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predictors subsequently allowed for a comparison between cumulative grade-level 
achievements as indicated by performance band score and congruent core-subject GPAs. 
More importantly, the FCAT predictors were evaluated for significant contributions to 
model classification accuracy in predicting both chemistry course enrollment and 
achievement.  
Attendance. Performance of a separate round of model testing was required to 
evaluate the effects of absenteeism on student enrollment and achievement outcomes 
while controlling for student attributes and prior academic achievement. Separate but 
parallel models evaluated the effects of misbehavior, as measured by total number of 
suspensions, which included external (out-of-school) suspensions, internal (in-school on 
school site) suspensions, and/or alternative to external (in-school alternative school site), 
for both course enrollment and achievement (discussed further below).   
Behavior. The total number of suspensions were evaluated for contribution to the 
predictive models for effects on enrollment rate and (separately) academic outcome, 
while controlling for absenteeism where the total number of days absent was adjusted as 
a subtractive function of the total number of days suspended less the total number of 
absences. In practice, this approach was appropriate because each day of suspension is 
also counted as an unexcused absence.   
Subsample for replication of findings. The goal of this round of model testing 
was to cross-validate the successful logistic regression models. For each round of logistic 
regression modeling, a separate iteration of model testing was performed on a subset of 
cases derived from a portion of the full data set (which will be referred to as the replicate 
sample). In each round of replicate model testing, the logistic model classification 
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accuracy and the amount of variance accounted for allowed for identification of the best 
predictive model, which was analogous to the primary findings in each iteration of model 
testing.   
Predictor z transformation. Transformation of each predictor into a z score was 
done in order to allow for a uniform metric for comparisons within and between logistic 
models with respect to slopes and odds ratios (which were converted to Cohen’s d for 
interpretation). Thus, the z-score transformation of the predictors allowed for the creation 
of a uniform metric that was consistent for each reported variable at each appropriate 
grade level. This method allowed for model comparisons between the current results and 
future studies (McBride & Wise, 2001). Also, this method enabled the direct comparison 
of the magnitude of effects of each of the current predictors on the binary outcome for 
both course enrollment and achievement. It is noted that the z score transformation retains 
the power and precision derived from the raw variable, while ensuring that the variable is 
on a uniform metric across all data points.  
Statistical Modeling Techniques 
Logistic regression predicting academic achievement. This study employed 
logistic regression to predict the odds of course achievement. The logistic regression 
model was selected because this approach allows the outcome to be treated as a discrete 
variable (0 = fail, 1 = pass). It was critical to the model design to treat the outcome as a 
discrete dichotomous variable in order to determine the odds of cases falling into one or 
the other categories of the dependent variable as a function of the independent variables. 
The relationship of the outcome variable to the predictors was not a linear condition 
(Cohen et al., 2003). Rather, to operationalize the regression model for the dichotomous 
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outcomes, a mathematical function (logit-link) is useful because it relates the predictor 
variables to the predicted odds of success or failure as a curvilinear or sigmoid function 
(Cohen et al., 2003). Specifically, the function was the logistic form of regression used to 
predict the odds of success or failure, given a value of X, generated from the normal 
curve, where logistic regression is a special case of the generalized linear model (Cohen 
et al., 2003). In general, the models used a probability range from 0.0 to 1.0, with a cutoff 
value of .50. The classification odds of success or failure were considered as the odds of 
one outcome being in one of the two conditions, given multiple predictors (Cohen et al., 
2003). The predictors for each academic discipline were taken as the average of the 
overall GPA for that subject for each respective academic year, where each letter grade 
was re-coded and treated as though it were on a continuous scale ranging from 0.00 to 
4.00. Regarding demographic attributes, gender, SES, ESE, and ELL were all coded as 
considered dichotomous (e.g., 0.0 = male and 1.0 = female; 0.0 = low SES vulnerability 
and 1.0 high SES vulnerability). Considering race as categorical variables, non-Hispanics 
were set as the reference group for comparison. The total number of days a student was 
absent was coded as a continuous variable where both excused and unexcused absences 
were considered simultaneously as a rate of absenteeism. Likewise, the total number of 
days of suspension was also considered as a continuous input for predictive contribution 
to the final model. Simultaneously, collinearity between absences and suspension was 
controlled for by a subtractive function of the number of days the student was absent less 
the total number of days suspended each academic year. The logit-linking function was 
employed through SPSS to calculate the natural logarithmic mathematical function of the 
odds of the outcome occurring as the predicted probability 𝑝! that is linked to the 
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curvilinear relationship between the predictors to outcome within the parameters of each 
logistic model (Cohen et al., 2003; Osborne, 2015).  
 Model generalizability. In the field of education, policy makers and practitioners 
would benefit from a predictive model that is free from the critical limitations which 
typically befall a model developed from local data suited to a specific purpose, thereby 
reducing generalizability (Vanreusel, Maes, & Van Dyck, 2006). One of the overarching 
goals of this study was to construct predictive models from relatively common predictors 
that are typically available to researchers within most school districts, without the typical 
situational constraints associated with and needed for OLS regression. To evaluate the 
generalizability and robustness of the predictive models, the predictors were 
operationalized and standardized (z transformation) in order to predict both chemistry 
course enrollment and achievement. The predictors were employed in two separate 
iterations for each round of model testing. A direct comparison could be made between 
the full research dataset and a subsample selected from the original dataset. Used for 
replication, the findings of parallel analysis were used to evaluate the classification 
accuracy and variance accounted for between models and to estimate overall 
generalizability of the findings of this research. The generalizability of the predictive 
model testing was, however, limited in scope in order to focus exclusively on the research 
objectives regarding the odds of enrollment and achievement. As detailed in the 
discussion chapter, future research should extend the investigation to other core subjects, 
such as mathematics and English literacy, and explore the effects of the hierarchical 
nature of student cohorts in terms of students nested within classrooms and school sites.  
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Preliminary Data Processing  
Data cleaning and merging. De-identified student data were received from an 
authorized agent of the county Assessment and Accountability Department. A total of 29 
separate data files were received, each containing grade-level specific data for 
demographics, special learning services, absenteeism, suspension by type, academic 
achievement by semester, and FCAT achievement data for each academic year from sixth 
through 10th grade. Each file was linked via the case number. The files were merged, and 
extensive data cleaning was necessary in order to obtain a working research database.  
First, academic records had to be combined by subject in order to constitute a full 
year’s academic progress in a given course of study. To achieve this across two 
semesters, the academic courses were organized by identification code and merged via 
the SPSS “merge file” command. Then, remedial courses not recognized by the Florida 
Department of Education (FLDOE) for core academic credit were eliminated. Students 
with multiple courses for the same core subject per semester were identified, and the 
average of those courses was calculated. Once each core course per grade level was 
calculated, a separate SPSS data file was created in order to further merge course 
enrollment and achievement sequentially by academic year. After the core academic 
courses were merged into one chronological data file, FCAT achievement data were 
added, as were the demographics. In particular, students who had received free or 
reduced-priced lunch were identified as economically vulnerable; in these cases, the SES 
value was set to one. Likewise, students who were not identified by the aforementioned 
SES criteria, the SES vale was set to zero. Similarly, students who received ELL or ESE 
services were assigned a value of one to indicate special learning service; students who 
46 
 
did not receive either ELL or ESE service the value was set to zero. It must be noted that 
the ESE services can be classified categorically by type and separately by severity; 
however, this was beyond the scope of this study. Therefore, a student who received any 
ELL or ESE service regardless of level of severity was included in the ELL or ESE 
predictor, which excluded the gifted ESE designation.   
The total number of days a student was absent (i.e., rate of absenteeism) was 
calculated from the total number of days enrolled less the total number of days absent. 
Controlling for collinearity, the total number of days suspended was subtracted from the 
total number of days absent because each day a student was suspended also counted as an 
unexcused absence. The suspension rate was calculated from the total number of days 
externally, internally, or alternative-to-external suspended; the number of days suspended 
from a school bus, however, was excluded because the student(s) may have been 
suspended from the school bus without also being suspended from school.     
Missing data. First, given the sheer percentage of students who did not enroll in 
an art course each year (representing 70–90% of missing data by academic year for this 
discipline), the variable had to be intentionally eliminated to ensure sound research 
methodology. Next, cases that were missing demographic data were excluded from the 
study. Cases that were missing data for an academic predictor (mathematics, English, 
history, or science) or FCAT achievement level were replaced with expectation 
maximization (EM)-generated values, excluding the science outcome for 10th grade; if 
the case had a missing data point for this field, the case was deleted from the list. EM 
methodology overcomes many of the limitations of other techniques for missing data, 
such as mean replacement and deletion from the list, which can result in an 
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underestimation in parameter estimation and bias the results (Dong & Peng, 2013; Zhou 
& Lim, 2014). Reducing those limitations is achievable by employing the EM-generated 
replacement values in lieu of other antiquated methodologies (Dong & Peng, 2013; Zhou 
& Lim, 2014). Little’s MCAR test demonstrates that the data were not missing 
completely at random (p < .001). The current study employed EM replacement because, 
when using archived student records, it is a reasonable expectation for some data to be 
missing by semester for some academic courses by student for any given discipline. One 
would not have a reasonable expectation for academic course data for an individual to be 
randomly missing values, for example, when students dis-enroll from a course of study, 
enroll in a course of study out of sequence, or earn partial credit for a course of study via 
non-traditional means (online virtual school or credit recovery). EM replacement only 
occurred for missing achievement data, excluding the science outcome in the 10th grade 
(a dependent outcome). None of the demographic, attendance, or behavioral predictors 
was replaced; as previously stated, if the case was missing data in one of these foregoing 
areas then the entire case was deleted from the database. To replace the missing data for 
the appropriate variable of interest, a 1,000-iteration EM algorithmic model replaced the 
missing achievement data. As can be seen in Table A1, in Appendix A, the mean values 
included are virtually identical. Therefore, the dataset with estimated values was used for 
all subsequent analyses.   
Power and sample size. A power analysis was conducted using G*Power. It was 
determined that a sample of at least 250 individuals is necessary to achieve a power of 
.95 in each round of model testing. The number of cases in each model iteration far 
exceeded the needed sample size to have adequate power for the reported analysis.   
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Data set analysis. Each round of logistic model testing was first performed 
utilizing the entire range of cases for enrollment (N = 12,102), and then a secondary 
analysis was performed with a subsample of the cases by a random draw of 49.91% of 
the cases for replication. Likewise, each round of logistic model testing was first 
performed utilizing the entire range of cases for chemistry achievement (n = 5,966), and 
then a secondary analysis was performed with a subsample of the cases by a random 
draw of 49.74% of the cases for replication.  
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Chapter 4: Results 
Demographics of the Sample and Correlational Analysis 
Table 1 depicts the demographic distribution for the full range of cases (N = 
12,102). Also depicted is the percentage values for the replicate subsample. As can be 
seen, the percentages for the replicate subsample are analogous to the full sample. All 
subsequent results pertain to the full sample unless otherwise indicated.  As can be seen 
in Table 1, 50% of the students are female, 57% are considered low SES, 11% receive 
ESE service, and 7% receive ELL service. Tables 2 through 6 depict the results for the 
preliminary correlational analysis to determine the strength of the relationship between 
the predictors by grade level for the full range of cases (N = 12,102). Although most 
predictors were significant, the correlation between prior academic achievement for 
mathematics, English, history, and science demonstrated a moderate relationship across 
all grade levels in connection with passing the chemistry course in 10th grade.   
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Table 1 
Sample Demographic Distribution 
 Full Sample Subsample 
Demographic Frequency % Frequency % 
Male    6,037 49.88 3224 54.03 
Female 6,065 50.11 3403 57.04 
ELL 871 7.19 1016 17.03 
Free lunch 1,740 14.38 556 9.32 
Reduced-priced lunch 1,102 9.10 543 9.10 
Free direct meals 4,070 33.63 2006 33.62 
Orthopedically impaired 8 .06 0 0 
Speech impaired 13 .11 6 .10 
Language impaired 33 .27 14 .23 
Deaf or hard of hearing 26 .21 10 .17 
Visually impaired 6 .05 1 .02 
Emotional/behavioral disability 117 .97 60 1.00 
Specific learning disability 999 8.25 490 8.21 
Autism spectrum disorder 21 .17 4 .07 
Traumatic brain injured 3 .02 1 .02 
Other health impaired 79 .65 41 .69 
Intellectual disability 12 .10 5 .08 
Black 2,458 20.31 1212 20.31 
White 4,958 40.97 2446 41.00 
Hispanic 3,839 31.72 1893 31.73 
Other 2,458 20.31 1208 20.25 
Note.  N = 12,102 full sample; n = 5,966 subsample. ELL = English language learner.  
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Table 2 
Sixth-Grade Predictor Correlation Analysis (N = 12,102) 
Predictor 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
1. Gender —                  
2. SES .01 —                 
3. ELL -.02* .21** —                
4. ESE -.14** .08** -.00 —               
5. Black .02* .23** -.13** .03** —              
6. White -.01 -.43** -.24** .01 -.42** —             
7. Hispanic -.01 .28** .37** -.02 -.34** -.57** —            
8. Absence -.04** .23** -.04** .15** .05** -.04** .02** —           
9. Suspension -.10** .17** -.01 .10** .18** -.11** -.03** .34** —          
10. Math .15** -.28** -.09** -.13** -.15** .15** -.07** -.32** -.25** —         
11. English .24** -.28** -.07** -.16** -.16** .15** -.06** -.34** -.31** .66** —        
12. History .18** -.29** -.10** -.17** -.18** .17** -.07** -.33** -.31** .67** .70** —       
13. Science .18** -.27** -.09** -.14** -.18** .16** -.06** -.32** -.29** .70** .71** .73** —      
14. FCAT math -.01 -.34** -.24** -.21** -.24** .26** -.12** -.18** -.17** .49** .41** .46** .43** —     
15. FCAT read .04** -.35** -.31** -.23** -.23** .30** -.15** -.14** -.18** .39** .39** .44** .40** .68** —    
16. Alt crs enroll -.08** .26** .18** .17** .15** -.18** .09** .13** .13** -.39** -.38** -.41 -.39** -.51** -.50** —   
17. Chem crs enroll .08** -.23** -.18** -.16** -.16** .19** -.08** -.13** -.15** .38** .38** .40** .38** .46** .46** -.78 —  
18. Pass chem .11** -.26** -.15** -.15** -.16** .20** -.09** -.14** -.14** .42** .40** .41** .41** .43** .42** -.66** .79** — 
Note.  ELL = English language learner; ESE = exceptional student education. All correlations are significant at p < .001 unless otherwise denoted *p < .05, 
two-tailed.  **p < .01, two-tailed. 
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Table 3 
Seventh-Grade Predictor Correlation Analysis (N = 12,102) 
Predictor 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
1. Gender —                  
2. SES .01 —                 
3. ELL -.02* .21** —                
4. ESE -.14** .08** -.01 —               
5. Black .02* .23** -.13** .03** —              
6. White -.01 -.43** -.24** .01 -.42** —             
7. Hispanic -.01 .28** .37** -.02 -.34** -.57** —            
8. Absence -.01 .23** -.02* .14** .04** -.04** .04** —           
9. Suspension -.06** .18** .01 .08** .18** -.13** .01 .36** —          
10. Math .15** -.24** -.08** -.11** -.13** .14** -.08** -.28** -.27** —         
11. English -.07** .10** .02* .06** .07** -.07** .04** -.01 -.04** -.16** —        
12. History .17** -.27** -.11** -.15** -.14** .17** -.09** -.31** -.32** .63** -.11** —       
13. Science .17** -.29** -.10** -.14** -.17** .18** -.09** -.29** -.32** .66** -.13** .69** —      
14. FCAT math .01 -.32** -.23** -.22** -.24** .25** -.10** -.17** -.21** .46** -.18** .44** .46** —     
15. FCAT read .04** -.33** -.29** -.23** -.22** .27** -.13** -.14** -.20** .38** -.16** .41** .43** .66** —    
16. Alt Crs enroll -.08** .26** .18** .17** .15** -.18** .09** .13** .16** -.39** .12** -.41** -.42** -.51** -.50** —   
17. Chem crs enroll .08** -.23** -.18** -.16** -.16** .19** -.08** -.12** -.18** .38** -.07** .40** .41** .47** .47**  —  
18. Pass chem .11** -.26** -.15** -.15** -.16** .20** -.09** -.14** -.16** .43** -.15** .43** .44** .44** .43** -.66** .79** — 
Note. ELL = English language learner; ESE = exceptional student education. All correlations are significant at p < .001 unless otherwise denoted *p < .05, 
two-tailed.  **p < .01, two-tailed. 
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Table 4 
 
Eighth-Grade Predictor Correlation Analysis (N = 12,102) 
Predictor 1 2 3 4  5 6 7 8 9 10 11 12 13 14 15 16 17 18 
1. Gender —                   
2. SES .01 —                  
3. ELL -.02* .21** —                 
4. ESE -.14** .08** -.01 —                
5. Black .02* .23** -.13** .03**  —              
6. White -.01 -.43** -.24** .01  -.42** —             
7. Hispanic -.01 .28** .37** -.02  -.34** -.57** —            
8. Absence .02* .25** .01 .13**  .04** -.05** .04** —           
9. Suspension -.07** .19** .02 .09**  .18** -.12** -.01 .37** —          
10. Math .14** -.21** -.06** -.10**  -.12** .11** -.06** -.25** -.21** —         
11. English .23** -.25** -.07** -.11**  -.13** .14** -.08** -.27** -.27** .57** —        
12. History .17** -.28** -.12** -.13**  -.13** .17** -.11** -.30** -.27** .58** .65** —       
13. Science .17** -.29** -.10** -.14**  -.17** .18** -.09** -.27** -.28** .51** .58** .60** —      
14. FCAT math -.01 -.34** -.22** -.21**  -.23** .25** -.11** -.21** -.21** .45** .36** .44** .47** —     
15. FCAT read .07** -.35** -.29** -.22**  -.22** .29** -.15** -.15** -.20** .34** .32** .40** .42** .66** —    
16. Alt crs enroll -.08** .26** .18** .17**  .15** -.18** .09** .15** .16** -.33** -.36** -.40** -.36** -.50** -.49** —   
17. Chem crs enroll .08** -.23** -.18** -.16**  -.16** .19** -.08** -.15** -.18** .31** .35** .39** .35** .46** .45** -.78** —  
18. Pass chem .11** -.26** -.15** -.15**  -.16** .20** -.09** -.17** -.17** .39** .40** .43** .41** .45** .42** -.66** .79** — 
Note.  ELL = English language learner; ESE = exceptional student education. All correlations are significant at p < .001 unless otherwise denoted *p < .05, 
two-tailed.  **p < .01, two-tailed. 
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Table 5 
Ninth-Grade Predictor Correlation Analysis (N = 12,102) 
Predictor 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
1. Gender —                  
2. SES .01 —                 
3. ELL -.02* .21** —                
4. ESE -.14** .08** -.01 —               
5. Black .02* .23** -.13** .03** —              
6. White -.01 -.43** -.24** .01 -.42** —             
7. Hispanic -.01 .28** .37** -.02 -.34** -.57** —            
8. Absence .04** .28** .03** .11** .05** -.08** .06** —           
9. Suspension -.05** .20** .02** .08** .20** -.15** .01 .37** —          
10. Math .10** -.29** -.11** -.11** -.14** .17** -.11** -.31** -.26** —         
11. English .22** -.30** -.07** -.13** -.17** .17** -.08** -.35** -.31** .61** —        
12. History .16** -.29** -.09** -.13** -.14** .17** -.10** -.31** -.26** .56** .61** —       
13. Science .16** -.31** -.11** -.12** -.13** .17** -.11** -.34** -.29** .63** .68** .62** —      
14. FCAT math -.01 -.29** -.11** -.13** -.18** .19** -.08** -.25** -.21** .56** .37** .36** .41** —     
15. FCAT read .03** -.37** -.28** -.21** -.24** .31** -.16** -.20** -.22** .42** .41** .37** .43** .47** —    
16. Alt crs enroll -.08** .26** .18** .17** .15** -.18** -.18** .09** -.21** .18** -.35** -.38 -.35** .46** -.33** —   
17. Chem crs enroll .08** -.23** -.18** -.16** -.16** .19** .19** -.08** .18** -.21** .36** .39** .35** -.40** .33** -.49** —  
18. Pass Chem .11** -.26** -.15** -.15** -.16** .20** .20** -.09** -.21** -.18** .43** .46** .43** .41** .37 .46** -.66** — 
Note. ELL = English language learner; ESE = exceptional student education. All correlations are significant at p < .001 unless otherwise denoted *p < .05, 
two-tailed.  **p < .01, two-tailed. 
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Table 6 
Tenth-Grade Predictor Correlation Analysis (N = 12,102)  
Predictor 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 
1. Gender —                 
2. SES .01 —                
3. ELL -.02* .21** —               
4. ESE -.14** .08** -.01 —              
5. Black .02* .23** -.13** .03** —             
6. White -.01 -.43** -.24** .01 -.42** —            
7. Hispanic -.01 .28** .37** -.02 -.34** -.57** —           
8. Absence .05** .22** .04** .10** .03** -.05** .06** —          
9. Suspension -.08** .17** .02** .06** .20** -.13** -.01 .33** —         
10. Math .12** -.27** -.10** -.11** -.14** .15** -.09** -.33** -.26** —        
11. English .23** -.26** -.08** -.13** -.10** .13** -.09** -.38** -.29** .59** —       
12. History .14** -.24** -.09** -.10** -.11** .13** -.08** -.34** -.27** .52** .59** —      
13. FCAT math .01 -.26** -.12** -.15** -.19** .19** -.08** -.24** -.21** .55** .34** .34** —     
14. FCAT reading .04** -.36** -.27** -.22** -.24** .29** -.14** -.21** -.23** .43** .38** .33** .48** —    
15. Alt crs enroll -.08** .26** .18** .17** .15** -.18** .09** .20** .20** -.31** -.31** -.23** -.27** -.50** —   
16. Chem crs enroll .08** -.23** -.18** -.16** -.16** .19** -.08** -.23** -.21** .30** .33** .24** .24** .46** -.78** —  
17. Pass chem .11** -.26** -.15** -.15** -.16** .20** -.09** -.25** -.20** .44** .45** .36** .31** .45** -.66** .79** — 
Note. ELL = English language learner; ESE = exceptional student education. All correlations are significant at p < .001 unless otherwise denoted *p < .05,  
two-tailed.  **p < .01, two-tailed.  
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Primary Findings 
Presented below are the findings for the research questions that the current study 
addresses.   
Research Question 1. Does academic achievement, as measured by calculated 
course letter grades, for mathematics, English literacy, history, science, and FCAT 
(achievement level), accurately predict the proportion of students who enrolled in 
chemistry or a science course in lieu of chemistry in the 10th grade?  
 The enter method for logistic regression was employed to predict chemistry 
enrollment compared to other science course enrollment in the 10th grade. Evaluation of 
the predictors occurred simultaneously for course achievement for each academic year in 
tandem with FCAT achievement level for mathematics and reading, independently by 
each grade level, from sixth through 10th grade. Overall prior academic achievement 
could moderately predicted enrollment into a chemistry course at any given grade level, 
where overall classification accuracy ranged from 81.3 – 79.3%, and Nagelkerke pseudo-
R2 values ranged from .535 - .432 for each respective model. Of particular interest, after a 
comparison of each logistic model by grade level for classification accuracy, the seventh-
grade model most precisely predicted enrollment classification; 81.3% of students were 
correctly classified (n = 12,102), with a Nagelkerke pseudo-R2 value of .569, indicating 
that the predictors accounted for 56.9% of the variance in the model.   
The analysis using the replication subsample provided very similar findings. The 
replicate model correctly predicted the enrollment of 81.3% of students in chemistry, 
with a Nagelkerke pseudo-R2 value of .532, indicating that the predictors accounted for 
53.2% of the variance in the model.  
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Overall, the t-ratio criterion for each predictor demonstrated that all predictors for 
the seventh-grade models significantly contributed to the enrollment outcome, results that 
were conserved across all grade-level models; whereas both FCAT predictors exhibited a 
moderate effect size when considered simultaneously with other academic course 
predictors at each grade level. This is barring the pseudo-FCAT scores for ninth and 10th 
grades (explanation detailed in the discussion chapter). Most notably, in the full model, a 
single unit of change in the individual’s FCAT achievement level for mathematics 
predicted that the odds of student enrollment in chemistry were 2.464 times as likely to 
increase when compared to course enrollment in lieu of chemistry in the 10th grade. A 
single unit of change in the individual’s FCAT achievement level for reading predicted 
that the odds of student enrollment in chemistry were 2.196 times as likely to increase 
when compared to course enrollment in lieu of chemistry in the 10th grade. The 
subsample for replication demonstrated very similar results, wherein a single unit of 
change in the individual’s FCAT achievement level for mathematics predicted that the 
odds of student enrollment in chemistry were 2.078 times as likely to increase when 
compared to course enrollment in lieu of chemistry in the 10th grade. A single unit of 
change in the individual’s FCAT achievement level for reading predicted that the odds of 
student enrollment in chemistry were 2.360 times as likely to increase. 
Tables 7 through 11 depict the logistic regression results for the standardized 
academic achievement predictors on the dichotomous outcome for chemistry compared to 
general science course enrollment by grade level for the primary analysis, for the full 
range of cases. Data results for the subsample replication analysis are available in 
Appendix B (Tables B1 – B5). The seventh-grade logistic model demonstrated the best 
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overall classification accuracy. However, the results for each predictor were very similar 
from year to year, with the calculated Cohen’s d across all models ranging from .695 to -
.018.  In general, the effect sizes ranged from medium too small for all predictors, 
respectively, across all models. As can be seen in Appendix B, the replicate subsample 
findings are comparable.  
 
Table 7 
 
Sixth-Grade Logistic Model Predicting Chemistry Course Enrollment, Controlling for Prior Academic and 
FCAT Achievement 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Math 0.195 (.051) 3.823 1.215 0.107 .002 
English 0.314 (.051) 6.157 1.368 0.173 .005 
History 0.293 (.054) 5.426 1.341 0.162 .004 
Science 0.193 (.056) 3.446 1.213 0.106 .002 
FCAT Math 0.775 (.048) 16.146 2.171 0.427 .038 
FCAT Reading 0.694 (.048) 14.458 2.002 0.383 .029 
Note. N = 12,102. All slopes and intercepts were significant at p < .001 unless otherwise indicated with * 
where p < .05 or with † denoting nonsignificance. Model classification accuracy = 80.6%; model 
Nagelkerke R2 = .535. Change in Nagelkerke R2 was calculated as the difference between the model with all 
predictors entered at the same time minus the same model with the variable of interest removed. 
 
Table 8 
Seventh-Grade Logistic Model Predicting Chemistry Course Enrollment, Controlling for Prior Academic 
and FCAT Achievement 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Math 0.194 (.050) 5.213 1.214 0.107 .033 
English 0.286 (.055) 1.771 1.331 0.158 .010 
History 0.300 (.052) 8.167 1.350 0.165 .018 
Science 0.250 (.053) 6.673 1.284 0.138 .015 
FCAT Math 0.902 (.052) 17.440 2.464 0.497 .055 
FCAT Reading 0.787 (.052) 16.061 2.196 0.434 .046 
Note. N = 12,102. All slopes and intercepts were significant at p < .001 unless otherwise indicated with * 
where p < .05 or with * denoting nonsignificance. Model classification accuracy = 81.3%; model 
Nagelkerke R2 = .569. Change in Nagelkerke R2 was calculated as the difference between the model with all 
predictors entered at the same time minus the same model with the variable of interest removed. 
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Table 9 
Eighth-Grade Logistic Model Predicting Chemistry Course Enrollment, Controlling for Prior Academic 
and FCAT Achievement 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Math 0.033 (.046) 7.174† 1.033 0.018 0 
English 0.324 (.047) 6.894 1.383 0.179 .006 
History 0.419 (.049) 8.551 1.521 0.231 .010 
Science 0.160 (.049) 3.265 1.173 0.088 .002 
FCAT Math 0.947 (.052) 18.211 2.577 0.522 .052 
FCAT Reading 0.754 (.048) 15.708 2.125 0.416 .035 
Note. N = 12,102. All slopes and intercepts were significant at p < .001 unless otherwise indicated with * 
where p < .05 or with † denoting nonsignificance. Model classification accuracy = 80.9%; model 
Nagelkerke R2 = .543. Change in Nagelkerke R2 was calculated as the difference between the model with all 
predictors entered at the same time minus the same model with the variable of interest removed.  
 
Table 10 
Ninth-Grade Logistic Model Predicting Chemistry Course Enrollment, Controlling for Prior Academic and 
FCAT Achievement  
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Math 0.205 (.048) 4.271 1.227 0.113 .002 
English 0.283 (.048) 5.896 1.327 0.156 .005 
History 0.289 (.045) 6.422 1.335 0.159 .006 
Science 0.437 (.050) 8.74 1.549 0.241 .011 
FCAT Math 0.009 (.039) 0.231† 1.009 0.005 .002 
FCAT Reading 1.136 (.044) 25.818 3.113 0.626 .124 
Note. N = 12,102. All slopes and intercepts were significant at p < .001 unless otherwise indicated with * 
where p < .05 or with † denoting nonsignificance. Model classification accuracy = 80.8%; model 
Nagelkerke R2 = .488. Change in Nagelkerke R2 was calculated as the difference between the model with all 
predictors entered at the same time minus the same model with the variable of interest removed. 
 
  
Table 11 
Tenth-Grade Logistic Model Predicting Chemistry Course Enrollment, Controlling for Prior Academic and 
FCAT Achievement  
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Math 0.219 (.044) 4.977 1.244 0.120 .003 
English 0.459 (.043) 10.674 1.583 0.253 .018 
History -0.033 (.040) 0.825* 0.968 -0.018 0 
FCAT Math 0.046 (.038) 1.210* 1.048 0.026 0 
FCAT Reading 1.261 (.042) 30.024 3.528 0.695 .184 
Note. N = 12,102. All slopes and intercepts were significant at p < .001 unless otherwise indicated with 
*where p < .05 or with † denoting nonsignificance. Model classification accuracy = 79.3%; model 
Nagelkerke R2 = .432. Change in Nagelkerke R2 was calculated as the difference between the model with all 
predictors entered at the same time minus the same model with the variable of interest removed. 
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Research Question 2. Do student demographics (gender, SES, ESE, ELL, and 
race) uniquely predict enrollment in chemistry in the 10th grade, while controlling for the 
effects of prior grades and standardized test scores?  
Though a significant model was determined, neither gender nor race made any 
consistent major contribution to the overall model significance at any grade level. Rather, 
SES and special learning services predictors had the most overall significant effects on 
both model accuracy and significance. Overall the classification accuracy ranged from 
82.5 – 77.8% with Nagelkerke pseudo-R2 ranging from .580 - .456 for each respective 
model. After a comparison of each grade level for classification accuracy, the seventh-
grade model most precisely predicted enrollment classification; the model correctly 
classified 82.5% of students (n = 12,102), with a Nagelkerke pseudo-R2 value of .580, 
indicating that the predictors accounted for 58.0% of the variance in the model.   
Similarly, the subsample for replication demonstrated analogous results for the 
seventh grade from 49.91% of the sample and accurately predicted enrollment in 
chemistry for 82.0% of students, with a Nagelkerke pseudo-R2 value of .543, indicating 
that the predictors accounted for 54.3% of the variance in the model. The overall 
predictive accuracy and variance accounted for by the model decreased slightly for each 
grade level following seventh grade.  
The t-ratio criterion failed to demonstrate a significant contribution to the model 
for the predictor gender across all temporal points of consideration. Likewise, SES failed 
to demonstrate a consistent contribution to the model classification accuracy across all 
temporal points investigated. However, when SES contributed to the regression model, 
students who demonstrated greater socioeconomic vulnerability (low SES) were less 
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likely to enroll in chemistry, when compared to students with less socioeconomic 
vulnerability (high SES). The calculated Cohen’s d across all models ranged from -.133 
to -.087, demonstrating a small effect size for this predictor across all models. As can be 
seen in Appendix B, the replicate subsample findings are comparable.   
Next, evaluation of the indicators of special learning services demonstrated that, 
across all temporal points, small (to negligible) but significant contribution was made to 
the predictive classification accuracy of the model. The calculated Cohen’s d across all 
models ranged from -.217 to -.066, demonstrating a small to negligible effect size, 
respectively, for these predictors. In general, a student identified as having received 
special learning services was less likely to enroll in chemistry in 10th grade compared to 
students who did not receive special learning services.  As can be seen in Appendix B, 
the replicate subsample findings are comparable.  
Furthermore, race failed to significantly contribute to the overall enrollment 
classification accuracy across all model iterations. However, at the individual level, race 
helped to explain individual differences in enrollment outcomes for specific temporal 
points. For example, in the seventh-grade model, Black students were 1.076 times less 
likely to enroll in chemistry compared to students from other racial groups. Similarly, in 
the seventh-grade model, Hispanic students were 1.324 times less likely to enroll in 
chemistry compared to students from other racial groups. Additionally, at the individual 
level, evaluation of demographic predictors was analogous for all temporal points. For 
example, in the seventh-grade model, White students were 1.054 times more likely to 
enroll in chemistry compared to students from other racial groups. However, the 
inclusion of race in future models may not be necessary because, overall, it did not 
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significantly contribute to the regression model, nor did it improve the classification 
accuracy. Though the odds of enrollment varied slightly from year-to-year for race, the 
lack of overall statistical contribution was consistent across all models. As can be seen in 
Appendix B, the replicate subsample findings are comparable.   
Tables 12 through 16 depict the logistic regression results for the standardized 
demographic predictors, controlling for academic and FCAT achievement on the 
dichotomous outcome for chemistry compared to general science course enrollment by 
grade level for the primary analysis, for the full range of cases; data from the subsample 
replicate analysis are available in Appendix B (Tables B6 – B10). The seventh-grade 
logistic model demonstrated the best overall classification accuracy; however, the results 
for each predictor were very similar from year to year in terms of magnitude (i.e., effect 
size) and very low across all models. As can be seen in Appendix B, the replicate 
subsample findings are comparable.    
 
Table 12 
 
Sixth-Grade Logistic Modeling for Demographics Predicting Course Enrollment, Controlling for Prior 
Achievement  
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .056 (.037) 1.513† 1.058 0.031 .001 
SES -.190 (.040) 4.75 .827 -0.105 .003 
ELL -.150 (.053) 2.830* .861 -0.08 .001 
ESE -.166 (.032) 5.187 .847 -0.092 .004 
Black .043 (.167) 0.257† 1.044 0.024 0 
White .002 (.158) 0.013† 1.002 0.001 0 
Hispanic .185 (.161) 1.150† 1.203 0.102 0 
Note. N = 12,102. ELL = English language learner; ESE = exceptional student education. All slopes and 
intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or with † denoting 
nonsignificance. Model classification accuracy = 80.8%; model Nagelkerke R2 = .544. Change in 
Nagelkerke R2 was calculated as the difference between the model with all predictors entered at the same 
time minus the same model with the variable of interest removed. Other = Ref Cat.  
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Table 13 
 
Seventh-Grade Logistic Modeling for Demographics Predicting Course Enrollment, Controlling for Prior 
Achievement 
Predictor B(SE) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .057 (.039) 1.461† 1.076 0.032 0 
SES -.292 (.044) 6.636 0.786 -0.161 .004 
ELL -.100 (.057) 1.754* 0.887 -0.055 0 
ESE -.177 (.034) 5.206 0.846 -0.097 .003 
Black .027 (.180) 0.153† 1.076 0.006 0 
White -.043 (.171) 0.250† 1.054 -0.012 0 
Hispanic .199 (.174) 1.136† 1.324 0.051 0 
Note. N = 12,102. ELL = English language learner; ESE = exceptional student education. All slopes and 
intercepts were significant at p < .001, unless otherwise indicated with * where p < .05 or with † denoting 
nonsignificance. Model classification accuracy = 82.5%; model Nagelkerke R2  = .580. Change in 
Nagelkerke R2 was calculated as the difference between the model with all predictors entered at the same 
time minus the same model with the variable of interest removed.Other = Ref Cat. 
 
 
Table 14 
 
Eighth-Grade Logistic Modeling for Demographics Predicting Course Enrollment, Controlling for Prior 
Achievement  
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .025 (.037) 0.676† 1.025 0.014 0 
SES -.179 (.040) 4.475 0.836 -0.099 .003 
ELL -.143 (.055) 2.6 0.867 -0.079 .001 
ESE -.198 (.032) 6.187 0.820 -0.109 .005 
Black .014 (.166) 0.084† 1.014 0.008 0 
White .106 (.157) 0.675† 1.111 0.058 0 
Hispanic .348 (.160) 2.175* 1.417 0.192 0 
Note. N = 12,102. ELL = English language learner; ESE = exceptional student education. All slopes and 
intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or with † denoting 
nonsignificance. Model classification accuracy = 81.0%; model Nagelkerke R2 = .553. Change in 
Nagelkerke R2 was calculated as the difference between the model with all predictors entered at the same 
time minus the same model with the variable of interest removed.Other = Ref Cat. 
 
 
Table 15 
 
Ninth-Grade Logistic Modeling for Demographics Predicting Course Enrollment, Controlling for Prior 
Achievement  
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Gender -.005 (.036) 0.139† 0.995 -0.003 0 
SES -.158 (.040) 3.95 0.854 -0.087 .002 
ELL -.175 (.053) 3.302 0.839 -0.097 .001 
ESE -.270 (.031) 8.710 0.764 -0.148 .010 
Black -.029 (.157) 0.185† 0.971 -0.016 0 
White .205 (.161) 1.273† 1.227 0.113 0 
Hispanic .225 (.049) 4.592* 1.252 0.124 .003 
Note. N = 12,102. ELL = English language learner; ESE = exceptional student education. All slopes and 
intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or with † denoting 
nonsignificance. Model classification accuracy = 79.2%; model Nagelkerke R2 = .506. Change in 
Nagelkerke R2 was calculated as the difference between the model with all predictors entered at the same 
time minus the same model with the variable of interest removed. Other = Ref Cat. 
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Table 16 
 
Tenth-Grade Logistic Modeling for Demographics Predicting Course Enrollment, Controlling for Prior 
Achievement  
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .051 (.034) 1.5† 1.052 0.028 .001 
SES -.255 (.038) 6.710 0.775 -0.141 .007 
ELL -.155 (.051) 3.039 0.857 -0.085 .002 
ESE -.232 (.030) 7.733 0.793 -0.128 .009 
Black -.277 (.155) 1.787† 0.758 -0.153 0 
White .034 (.146) 0.233† 1.035 0.019 0 
Hispanic .180 (.150) 1.2† 1.197 0.099 0 
Note. N = 12,102. ELL = English language learner; ESE = exceptional student education. All slopes and 
intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or with † denoting 
nonsignificance. Model classification accuracy = 77.8%; model Nagelkerke R2 = .456. Change in 
Nagelkerke R2 was calculated as the difference between the model with all predictors entered at the same 
time minus the same model with the variable of interest removed. Other = Ref Cat. 
 
Research Question 3. Does student behavior in terms of absences and/or 
suspensions uniquely predict enrollment into chemistry in the 10th grade while 
controlling of academic course achievement, FCAT mathematics and reading 
achievement levels, and student demographics by grade level? 
The enter method for logistic regression was employed to predict chemistry 
enrollment compared to other science course enrollment in the 10th grade. The predictors 
were evaluated simultaneously for individual rate of absenteeism and frequency of 
suspensions, controlling for individual demographic attributes and each academic year’s 
course achievement in tandem with FCAT achievement level for mathematics and 
reading by grade level, from sixth through 10th grade.  
Tables 17 and 18 depict the logistic regression results for the standardized 
behavioral predictors in terms of rates of absenteeism and suspensions, controlling for the 
demographic, academic, and FCAT achievement predictors on the dichotomous outcome 
for chemistry, compared to general science course enrollment by grade level for the 
primary analysis, for the full range of cases. Replicate data results from the analysis of 
65 
 
the replicate subsample are available in Appendix B (see Table B11).  The results  
demonstrated a small to nearly negligible significant contribution for both predictors to 
model classification accuracy across all temporal points (barring the sixth grade, where 
nonsignificance was reported).  These results were very similar from year to year in terms 
of the magnitude of effect size as measured by the calculated Cohen’s d ranging from -
.161 to -.029, for both absenteeism and suspensions, respectively, across all models. As 
can be seen in Appendix B, the replicate subsample findings are comparable.  
Table 17 
Logistic Models Considering Behavioral Predictors (Absenteeism) Predicting Course Enrollment, 
Controlling for Demographic, Academic, and FCAT Achievement 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Absenteeism 6th grade -.053 (.041) 1.293† .948 -0.029 0 
Absenteeism 7th grade -.204 (.044) 4.636 .816 -0.112 0 
Absenteeism 8th grade -.159 (.042) 3.786 .853 -0.088 .002 
Absenteeism 9th grade -.138 (.043) 3.209 .872 -0.076 .001 
Absenteeism 10th grade -.292 (.041) 7.122 .747 -0.161 .007 
Note. N = 12,102. All slopes and intercepts were significant at p < .001 unless otherwise indicated with * 
where p < .05 or with † denoting nonsignificance. Model classification accuracy = 76.8%; model 
Nagelkerke R2 = .461. Change in Nagelkerke R2 was calculated as the difference between the model with 
all predictors entered at the same time minus the same model with the variable of interest removed. 
 
Table 18 
 
Logistic Models Considering Behavioral Predictors (Suspension) Predicting Course Enrollment, 
Controlling for Demographic, Academic, and FCAT Achievement  
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Suspension 6th grade -.070 (.049) 1.428† .933 -0.038 0 
Suspension 7th grade -.149 (.060) 2.483 .862 -0.082 0 
Suspension 8th grade -.204 (.058) 3.517 .816 -0.112 .003 
Suspension 9th grade -.179 (.053) 3.377 .836 -0.099 .001 
Suspension 10th grade -.258 (.051) 5.059 .772 -0.143 .004 
Note. N = 12,102. All slopes and intercepts were significant at p < .001 unless otherwise indicated with * 
where p < .05 or with † denoting nonsignificance. Model classification accuracy = 77.0%; model 
Nagelkerke R2 = .295. Change in Nagelkerke R2 was calculated as the difference between the model with 
all predictors entered at the same time minus the same model with the variable of interest removed. 
 
Research Question 4. Do course letter grades for mathematics, English literacy, 
history, science, and FCAT achievement accurately predict the proportion of students 
who pass chemistry in the 10th grade? 
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The enter method for logistic regression was employed to predict the proportion 
of students who had successfully completed a course in chemistry in the 10th grade. The 
evaluation of the predictors occurred simultaneously for each academic year’s course 
achievement, in tandem with FCAT achievement level for mathematics and reading by 
grade level, from sixth through 10th grade. In general, across all logistic models prior 
achievement successfully demonstrated that an accurate prediction could be made for 
chemistry achievement outcomes.  Overall, the classification accuracy ranged from 94.0 
– 91.0% with Nagelkerke pseudo-R2 ranging from .500 - .214 across all models. After a 
comparison of each grade level for classification accuracy, the 10th-grade model most 
precisely predicted the enrollment classification; the model correctly classified 92.6% of 
students (n = 5,966), with a Nagelkerke pseudo-R2 value of .500, indicating that the 
predictors accounted for 50.0% of the variance in the model. The 10th-grade model was 
concurrent with the dichotomous outcome for course achievement and would be myopic 
for the scope of this study; therefore, each prior year’s model was evaluated for similar 
results, and the ninth-grade model was considered the significant predictive model for 
further discussion. The ninth-grade model demonstrated the highest overall classification 
accuracy (91.9%) for passing or failing chemistry in the 10th grade; moreover, the 
pseudo R2 value was .401, indicating that the predictors accounted for 40.1% of the 
variance in the model.  
The t-ratio criterion demonstrated that all significant academic predictors 
consistently contributed to accurate classifications across all temporal points, with minor 
variation in the magnitude (i.e., effect size of the predictors). Considering the academic  
predictors, a single unit of increase in an individual’s ninth-grade mathematics GPA 
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resulted in a 1.585 increase in the likelihood of passing chemistry in the 10th grade with a 
letter grade of C or better. Likewise, for ninth-grade English, a single unit of increase in 
an individual’s English GPA resulted in a 1.586 increase in the likelihood of passing 
chemistry in the 10th grade with a letter grade of C or better. For a single unit of increase 
in an individual’s history GPA, there was a 1.407 increase in the likelihood of passing 
chemistry; for a single unit increase in science GPA, there was a 2.033 increase in the 
likelihood of passing chemistry. For a single unit change in pseudo-FCAT mathematics, 
there was a 1.179 increase in the likelihood of passing chemistry; for a single unit change 
in FCAT reading achievement, there was a 1.209 increase in the likelihood of passing 
chemistry. Similarly, the subsample for replication demonstrated analogous results for 
49.91% of the full sample. Results for the subsample analysis are available in Appendix 
C (Tables C1 – C5).  
Tables 19 through 23 depict the logistic regression results for the standardized 
academic and FCAT achievement predictors on the dichotomous outcome for passing 
chemistry with a letter grade of C or better by grade level for the primary analysis, for the 
full range of cases; subsample analysis for replication are available in Appendix C (see 
Tables C2 – C6). The results were similar from year to year in terms of magnitude of 
effect size where the calculated Cohen’s d range from .531 to .039 across all models 
demonstrating medium to negligible effects sizes for each of the predictors, respectively. 
Particularly, prior science achievement was overall the strongest predictor of chemistry 
course achievement. As can be seen in Appendix C, the replicate subsample findings are 
comparable.  
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Table 19 
 
Sixth-Grade Logistic Regression Models Predicting Chemistry Course Achievement Considering Academic 
Predictors  
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Math .466 (.075) 6.213 1.593 0.257 .016 
English .137 (.075) 1.827† 1.147 0.076 .001 
History .177 (.079) 2.240* 1.194 0.098 .002 
Science .346 (.080) 4.325 1.414 0.191 .007 
FCAT Math .245 (.066) 3.712 1.278 0.135 .005 
FCAT Reading .132 (.068) 1.941† 1.141 0.073 .001 
Note. N = 5,966. All slopes and intercepts were significant at p < .001 unless otherwise indicated with * 
where p < .05 or with † denoting nonsignificance. Model classification accuracy = 94.0%; model 
Nagelkerke R2 = .214. Change in Nagelkerke R2 was calculated as the difference between the model with all 
predictors entered at the same time minus the same model with the variable of interest removed. 
 
 
Table 20 
 
Seventh-Grade Logistic Regression Models Predicting Chemistry Course Achievement Considering 
Academic Predictors 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Math .334 (.070) 4.771 1.397 0.184 .009 
English .488 (.075) 6.52 1.631 0.270 .015 
History .291 (.069) 4.217 1.338 0.161 .007 
Science .578 (.073) 7.918 1.782 0.319 .025 
FCAT Math .317 (.069) 4.594 1.373 0.175 .009 
FCAT Reading .073 (.067) 1.089 1.075 0.040 .013 
Note. N = 5,966. All slopes and intercepts were significant at p < .001 unless otherwise indicated with * 
where p < .05 or with † denoting nonsignificance. Model classification accuracy = 91.9%; model 
Nagelkerke R2 = .256. Change in Nagelkerke R2 was calculated as the difference between the model with all 
predictors entered at the same time minus the same model with the variable of interest removed. 
 
 
Table 21 
 
Eighth-Grade Logistic Regression Models Predicting Chemistry Course Achievement Considering 
Academic Predictors 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Math .289 (.066) 4.379 1.335 0.159 .008 
English .531 (.070) 7.586 1.700 0.293 .022 
History .274 (.071) 0.386 1.315 0.151 .006 
Science .356 (.073) 4.877 1.427 0.196 .009 
FCAT Math .508 (.071) 7.155 1.662 0.280 .020 
FCAT Reading .111 (.069) 1.609 1.118 0.061 .001 
Note. N = 5,966. All slopes and intercepts were significant at p < .001 unless otherwise indicated with * 
where p < .05 or with † denoting nonsignificance. Model classification accuracy = 91.8%; model 
Nagelkerke R2 = .317. Change in Nagelkerke R2 was calculated as the difference between the model with all 
predictors entered at the same time minus the same model with the variable of interest removed. 
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Table 22 
 
Ninth-Grade Logistic Regression Models Predicting Chemistry Course Achievement Considering Academic 
Predictors 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Math .461 (.078) 5.910 1.585 0.254 .013 
English .461 (.076) 6.066 1.586 0.254 .014 
History .342 (.070) 4.886 1.407 0.188 .009 
Science .710 (.082) 8.658 2.033 0.391 .029 
FCAT Math .165 (.062) 2.661* 1.179 0.091 .002 
FCAT Reading .190 (.064) 2.969* 1.209 0.105 .004 
Note. N = 5,966. All slopes and intercepts were significant at p < .001 unless otherwise indicated with * 
where p < .05 or with † denoting nonsignificance. Model classification accuracy = 91.0%; model 
Nagelkerke R2 = .401. Change in Nagelkerke R2 was calculated as the difference between the model with all 
predictors entered at the same time minus the same model with the variable of interest removed. 
 
Table 23 
Tenth-Grade Logistic Regression Models Predicting Chemistry Course Achievement Considering 
Academic Predictors 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Math .963 (.074) 13.013 2.618 0.531 .060 
English .937 (.074) 13.149 2.553 0.517 .057 
History .430 (.064) 6.719 1.537 0.237 .015 
FCAT Math .181 (.063) 2.873* 1.198 0.100 .003 
FCAT Reading .197 (.068) 2.897 1.217 0.108 .003 
Note. N = 5,966. All slopes and intercepts were significant at p < .001 unless otherwise indicated with * 
where p < .05 or with † denoting nonsignificance. Model classification accuracy = 92.6%; model 
Nagelkerke R2 = .500. Change in Nagelkerke R2 was calculated as the difference between the model with all 
predictors entered at the same time minus the same model with the variable of interest removed. 
 
A post hoc descriptive evaluation extended upon the foregoing findings and 
explored the proportion, in terms of the percentage of students who passed or failed 
chemistry based on prior science achievement considering each separate temporal point 
individually. Table 24 depicts the percent distribution of prior science letter grades 
relative to the dichotomous outcome for passing or failing chemistry; data from the 
subsample analysis for replication are also depicted. Overall, the proportion of students 
earning letter grades “A” or “B” in prior science courses and subsequently passing  
chemistry were greater than the proportion whom earned letter grades of  “C” or below. 
Likewise the proportion of students whom earned a letter grade of “C” or below and  
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failed chemistry were greater than the proportion of students whom earned “B” or higher. 
As can be seen in Table 24, the replicate subsample findings are comparable.   
Research Question 5. Do student demographics (gender, race, SES, ESE/ELL) 
uniquely predict passing chemistry in the 10th grade while controlling for academic 
achievement and standardized test scores? 
The enter method for logistic regression was employed to predict the proportion 
of students who had successfully completed a course in chemistry in the 10th grade. 
Evaluation of the demographic predictors occurred simultaneously while controlling for 
course achievement for each academic year in tandem with FCAT achievement level for 
mathematics and reading by grade level, from sixth through 10th grade.   
The t-ratio criterion demonstrated a consistent significant contribution to general 
model accuracy across all grade levels for two predictors: gender and SES. The logistic 
modeling for each temporal point investigated demonstrated that female students were 
more likely than male students to pass chemistry with a letter grade of C or better, while 
controlling for course achievement for each academic year in tandem with FCAT  
 
Table 24 
 
Percentage of Sample that Obtained Each Letter Grade (Full Sample n = 5,966; Subsample n =2,967) 
  Full Sample Percent of Prior Science 
Course Achievement 
 Subset Percent of Prior Science 
Achievement 
Grad
e 
Leve
l 
Chemistry 
Achieveme
nt 
% F % D % C % B % A 
 
% F % D % C % B % A 
6th  Pass 0.1 1.7 12.8 48.7 35.9 0.2 1.7 10.8 52.7 35.9 
Fail 0.8 8.0 30.3 50.6 9.6 0.8 8.0 30.3 50.6 9.6 
7th  Pass  0 1.8 16.0 48.1 34.1 0.1 1.8 16.0 48.1 34.1 
Fail 0.9 9.5 39.3 42.4 7.6 0.9 9.5 39.2 42.4 7.6 
8th  Pass 0.1 2.7 24.8 52.9 18.6 0.1 2.7 24.8 52.9 18.6 
Fail 0.1 14.4 50.0 32.6 2.9 0.1 14.4 50.0 32.6 2.9 
9th  Pass 1.0 7.2 28.8 44.1 18.9 1.0 7.2 28.8 44.1 18.9 
Fail 8.1 31.6 43.4 16.2 0.5 9.4 31.6 43.4 16.2 1.5 
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achievement level for mathematics and reading by grade level, from sixth through eighth 
grades. In addition, for socioeconomically vulnerable students, the odds of obtaining a 
letter grade of C or better in chemistry were less likely when compared to more affluent 
students, while controlling for course achievement for each academic year, in tandem 
with FCAT achievement level for mathematics and reading by grade level, from sixth 
through 10th grades. 
Receipt of special learning services did not significantly contribute to the 
predictive classification accuracy for any logistic model. At the individual level, 
however, a student who received special learning services was less likely to pass 
chemistry with a letter grade of C or better in the 10th grade when compared to students 
who did not receive special learning services.  
Furthermore, race failed to significantly contribute to the overall classification 
accuracy of the logistic models. However, at the individual level, Black and Hispanic 
students were generally less likely to pass chemistry with a C or better when compared to 
White students. In contrast, at the individual level, the full model demonstrated that 
White students were more likely to pass chemistry with a letter grade of C or better when 
compared to students from other racial groups. Note that, as predictors, racial groups did 
not significantly contribute to the actual classification accuracy, nor did they capture 
additional variance when added to the logistic modeling iterations.  
Tables 25 through 29 depict the logistic regression results for the standardized  
demographic predictors while controlling for academic and FCAT achievement effects on 
the dichotomous outcome for passing chemistry with a letter grade of C or better by 
grade level. The significant results for each predictor were similar from year to year in 
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terms of the small magnitude of effect size of the predictors. Specifically, the calculated 
Cohen’s d ranged from .151 to -.174 for all predictors, respectively, across all models. As 
can be seen in Appendix C (see Tables C6 – C10), the replication subsample findings are 
comparable.  
Table 25 
Sixth-Grade Logistic Modeling Predicting Chemistry Course Achievement Considering Demographics 
While Controlling for Academic and FCAT Achievement 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .255 (.049) 5.204 1.290 0.140 .011 
SES -.303 (.053) 5.717 0.739 -0.167 .013 
ELL .132 (.095) 1.389† 1.389 0.073 .001 
ESE -.051 (.047) 1.085† 0.950 -0.028 .001 
Black -.074 (.220) 0.336† 0.928 -0.041 0 
White -.035 (.199) 0.176† 0.965 -0.020 0 
Hispanic -.123 (.204) 0.603† 0.884 -0.068 0 
Note.  N = 5,966. ELL = English language learner; ESE = exceptional student education. All slopes and 
intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or with † denoting 
nonsignificance. Model classification accuracy = 76.7%; model Nagelkerke R2 = .243. Change in 
Nagelkerke R2 was calculated as the difference between the model with all predictors entered at the same 
time minus the same model with the variable of interest removed. Other = Ref Cat. 
 
 
Table 26 
 
Seventh-Grade Logistic Modeling Predicting Chemistry Course Achievement Considering Demographics 
While Controlling for Academic and FCAT Achievement 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .188 (.049) 3.837 1.207 0.104 .006 
SES -.317 (.054) 5.870 0.729 -0.174 .014 
ELL .184 (.097) 1.897† 1.202 0.101 .002 
ESE -.063 (.048) 1.312† 0.939 -0.035 .001 
Black .004 (.224) 0.018† 1.004 0.002 0 
White -.023 (.203) 0.113† 0.978 -0.012 0 
Hispanic -.028 (.208) 0.135† 0.972 -0.016 0 
Note. N = 5,966. ELL = English language learner; ESE = exceptional student education. All slopes and 
intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or with † denoting 
nonsignificance. Model classification accuracy = 73.1%; model Nagelkerke R2 = .277. Change in 
Nagelkerke R2 was calculated as the difference between the model with all predictors entered at the same 
time minus the same model with the variable of interest removed. Other = Ref Cat. 
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Table 27 
 
Eighth-Grade Logistic Modeling Predicting Chemistry Course Achievement Considering Demographics 
While Controlling for Academic and FCAT Achievement. 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .164 (.051) 3.216 1.178 0.090 .004 
SES -.281 (.055) 5.109 0.755 -0.155 .010 
ELL .141 (.099) 1.424† 1.151 0.078 .001 
ESE -.074 (.049) 1.510† 0.928 -0.041 .001 
Black -.044 (.226) 0.195† 0.957 -0.024 0 
White .080 (.207) 0.386† 1.083 0.044 0 
Hispanic .019 (.211) 0.090 1.020 0.011 0 
Note. N = 5,966. ELL = English language learner; ESE = exceptional student education. All slopes and 
intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or with †denoting no 
significance. Model classification accuracy = 79.1%; model Nagelkerke R2 = .335. Change in Nagelkerke 
R2 was calculated as the difference between the model with all predictors entered at the same time minus 
the same model with the variable of interest removed. Other = Ref Cat. 
 
 
Table 28 
  
Ninth-Grade Logistic Modeling Predicting Chemistry Course Achievement Considering Demographics 
While Controlling for Academic and FCAT Achievement 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .096 (.054) 1.778† 1.101 0.053 .001 
SES -.127 (.059) 2.152* 0.880 -0.070 .001 
ELL .162 (.103) 1.573† 1.175 0.089 0 
ESE -.087 (.052) 1.673† 0.916 -0.048 0 
Black -.089 (.245) 0.363† 0.915 -0.049 0 
White .073 (.223) 0.327† 1.076 0.040 0 
Hispanic -.043 (.229) 0.188† 0.958 -0.024 0 
Note. N = 5,966. English language learner; ESE = exceptional student education. All slopes and intercepts 
were significant at p < .001 unless otherwise indicated with * where p < .05 or with † denoting 
nonsignificance. Model classificaiotn accuracy = 79.8%; model Nagelkerke R2 = .406. Change in 
Nagelkerke was calculated as the difference between the model with all predictors entered at the same time 
minus the same model with the variable of interest removed. Other = Ref Cat. 
 
 
Table 29 
 
Tenth-Grade Logistic Modeling Predicting Chemistry Course Achievement Considering Demographics 
While Controlling for Academic and FCAT Achievement 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .002 (.056) 0.036† 1.002 0.001 0 
SES -.187 (.062) 3.016* 0.830 -0.103 .003 
ELL .274 (.114) 2.403* 1.315 0.151 .002 
ESE -.085 (.055) 1.545† 0.919 -0.047 .001 
Black -.101 (.261) 0.387† 0.904 -0.056 0 
White .075 (.237) 0.316† 1.078 0.041 0 
Hispanic -.048 (.243) 0.197† 0.953 -0.027 0 
Note. N = 5,966. ELL = English language learner; ESE = exceptional student education. All slopes and 
intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or with † denoting 
nonsignificance. Model classificaiotn accuracy = 83.8%; model Nagelkerke R2 = .507. Change in 
Nagelkerke R2 was calculated as the difference between the model with all predictors entered at the same 
time minus the same model with the variable of interest removed. Other = Ref Cat. 
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Research Question 6. Do student absences and/or discipline history uniquely 
predict passing chemistry in the 10th grade while controlling for the effect of prior 
grades, standardized test scores, and student demographics? 
The enter method for logistic regression was employed to predict the proportion 
of students who had successfully completed a course in chemistry in the 10th grade, 
considering the predictors behavior and absenteeism. All standardized predictors were 
evaluated simultaneously while controlling for demographics, achievement course GPA 
per academic year, and all FCAT achievement from sixth through 10th grade. 
Throughout each round of model testing, the t-ratio criterion for absenteeism 
demonstrated a small significant, nearly negligible, contribution to model classification 
accuracy. These findings are consistent for each iteration considered at each separate 
temporal point investigated, after controlling for demographic, academic, and FCAT 
achievement. The logistic modeling for the full range of cases (n = 5,966) demonstrated 
that, overall, absenteeism had a negative impact on the odds of a student successfully 
passing chemistry with a C or better. Suspensions, however, had no significant impact on 
model classification accuracy after controlling for the effects of demographic, all 
academic, and all FCAT achievement inputs.  
Tables 30 and 31 depict the logistic regression results for the standardized 
behavioral predictors, while controlling for demographic, academic, and FCAT 
achievement effects on the dichotomous outcome for passing chemistry with a letter 
grade of C or better, by grade level for the primary analysis for the full range of cases. 
These results were very similar from year to year in terms of the small to negligible 
magnitude of effect size as measured by the calculated Cohen’s d ranging from .053 to -
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.144, for both absenteeism and suspensions, respectively, across all models. As can be 
seen in Appendix C (see Table C11), the replicate subsample findings are comparable.    
Research Question 7.  How consistent is the calculated discipline GPAs of 
student grades from year-to-year? 
Assessment of the calculated academic GPA for course achievement by discipline 
through the employment of a correlation analysis (Pearson product-moment) 
demonstrated a significant but moderate conservation of the GPAs within and between 
grade-levels.  Table 32 depicts a significant conservation of letter grades from year to 
year for the primary analysis of the full range of cases (n = 5,966). As can be seen in 
Appendix D, the replicate subsample findings are comparable.  
 
Table 30 
  
Logistic Regression Considering Behavioral (Absenteeism) Predictor for Chemistry Course Achievement, 
Controlling for Suspensions, Demographics, and Academic and FCAT Achievement by Grade Level 
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Absenteeism 6th grade -.086 (.060) 1.433† .918 -0.047 .001 
Absenteeism 7th grade -.123 (.060) 2.05* .884 -0.068 .002 
Absenteeism 8th grade -.204 (.065) 3.138* .816 -0.112 .003 
Absenteeism 9th grade -.246 (.072) 3.417 .782 -0.136 .004 
Absenteeism 10th grade -.262 (.075) 3.493 .770 -0.144 .004 
Note. N = 5,966. ELL = English language learner; ESE = exceptional student education. All slopes and 
intercepts were significant at p < .001, unless otherwise indicated with * where p < .05, or † denoting 
nonsignificance. Model classification accuracy = 79.1%; model Nagelkerke R2 = .287. Change in 
Nagelkerke R2 was calculated as the difference between the model with all predictors entered at the same 
time minus the same model with the variable of interest removed. 
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Table 31 
 
Logistic Regression Considering Behavioral (Suspension) Predictor for Chemistry Course Achievement, 
Controlling for Absenteeism and Demographic, Academic, and FCAT Achievement by Grade Level  
Predictor B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
Suspension 6th grade -.004 (.089) 0.045† 0.996 -0.002 0 
Suspension 7th grade .097 (.096) 1.010† 1.101 0.053 .001 
Suspension 8th grade -.127 (.106) 1.198† 0.880 -0.070 0 
Suspension 9th grade .066 (.098) 0.673† 1.069 0.037 0 
Suspension 10th grade -.219 (.112) 1.955† 0.803 -0.121 .001 
Note. N = 5,966. ELL = English language learner; ESE = exceptional student education. All slopes and 
intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or with † denoting 
nonsignificance. Model classification accuracy = 78.3%, model Nagelkerke R2 = .320. Change in 
Nagelkerke R2 was calculated as the difference between the model with all predictors entered at the same 
time minus the same model with the variable of interest removed. 
 
Table 32 
Correlation Analysis for Academic Course Discipline GPAs by Grade Level (n = 5,966) 
Course Grade Level 10 9 8 7 6 
Math 10 — .595 .471 .435 .422 
9  — .523 .429 .415 
8   — .553 .487 
7    — .591 
6     — 
English  10 — .584 .496 .427 .411 
9  — .553 .489 .471 
8   — .593 .494 
7    — .526 
6     — 
Science 9 — — .547 .510 .458 
8   — .531 .494 
7    — .546 
6     — 
History 10 — .476 .385 .328 .332 
9  — .473 .425 .404 
8   — .544 .430 
7    — .536 
6     — 
Note.  All values were significant at p < .001. 
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Summary 
 In general, the data analysis demonstrated that prior FCAT mathematics 
achievement level significantly and strongly predicted the odds of student enrollment 
over any other single predictor before the student’s entry into high school. Overall, 
demographic variables generally did not predict course enrollment; however, for students 
who received special learning services (excluding gifted students), the odds of chemistry 
course enrollment were nearly 1 time less likely ubiquitously throughout each applicable 
round of model testing.   
 In contrast, the data analysis for significant predictors of chemistry course 
achievement demonstrated that gender played a minor role in the odds of passing 
chemistry, where females were generally in a better position to pass chemistry than 
males. This was consistent with current research on the reversal of the gender gap 
(Buchmann, DiPrete, & McDaniel, 2008; Vincent-Lancrin, 2008). Socioeconomic 
vulnerability in terms of low SES negatively impacted student achievement, but the effect 
size was small compared to the effect sizes for FCAT and prior science course 
achievement. In general, absenteeism was a weak predictor of both enrollment and 
achievement; the rate of suspension did not significantly predict enrollment or 
achievement. Lastly, correlation analysis demonstrated that when calculated academic 
discipline letter grades are moderately conserved between academic years, however, 
because the relationship is only moderate in nature this finding demonstrates that a 
cumulative GPA hinders researchers and practitioners form examining difference in 
achievement that naturally occur from year to year.  
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Chapter 5: Discussion 
This dissertation evaluated the achieved data for a 2013 academic cohort of 
12,102 students while considering multiple predictors for both course enrollment and 
academic achievement in chemistry. Each predictor was evaluated to determine both the 
effect size and significant contribution to the overall model classification accuracy and 
with variance accounted. This was achieved while considering each predictor and 
controlling for demographic, academic, and/or behavioral student attributes.  
 The successful predictive models, which were the product of this study, may aid 
practitioners in identifying subsets of students at risk for non-enrollment and for those 
with low odds of success in a chemistry course. The reported predictive models 
successfully identified academic areas for which an early academic intervention may 
enhance both teaching and learning that may positively influence chemistry enrollment 
and subsequent performance in the 10th grade. Future research could evaluate the 
magnitude of success of curriculum or policy intervention in improving academic 
trajectories.   
The first research objective was to employ a robust and appropriate statistical 
model to predict student enrollment into chemistry or a course in lieu of chemistry and to 
identify specific student attributes that reduce the odds of chemistry course enrollment 
before student matriculation into the secondary education system. The percent of correct 
classifications and the strength of relationships between predictors and outcomes are 
useful to evaluate the accuracy of the predictive models; Given the binary outcome for 
course enrollment, logistic regression analysis was the most appropriate statistical 
method to address each of the subsequent research questions.   
79 
 
The first research question evaluated course achievement for each independent 
grade level preceding 10th grade (from sixth through ninth grade) in order to determine 
which most accurately predicted the proportion of students who enrolled in chemistry or 
a science course in lieu of chemistry. Considering these standardized predictors 
simultaneously, the results demonstrated that the seventh-grade logistic model classified 
81.3% of student enrollment behavior from prior course and FCAT achievement, 
accounting for 56.9% of the model variance. Likewise, both the eighth– and ninth-grade 
logistic models demonstrated excellent classification accuracy and accounted for similar 
levels of variance. The findings confirm prior research, which has demonstrated that prior 
achievement is predictive of future academic achievement (ACT, 2008; Bloom, Hill, 
Black, & Lipsey, 2008; Lebihan & Takogmo, 2015).  
Regarding academic predictors considered in the seventh-grade logistic model, 
performance on the FCAT mathematics assessment demonstrated a significant and 
moderate effect size as a predictor for the odds of chemistry course enrollment. 
Specifically, Cohen’s d was .497 for the seventh-grade FCAT predictor and .434 for 
FCAT reading—both of which were also relatively equivalent for sixth and eighth grade. 
When considered in this light, the FCAT mathematics results demonstrated that the 
FCAT predictors were strong indicators of chemistry course enrollment. Specifically, for 
FCAT mathematics for seventh grade, a student with an FCAT achievement level of 3 
was 14.96 times more likely to enroll in chemistry than a seventh grade student with an 
FCAT achievement level of 1. Likewise, for FCAT reading, a student with an FCAT 
achievement level of 3 was 10.19 times more likely to enroll in chemistry than a seventh 
grade student with an FCAT achievement level of 1. Similar results were achieved with a 
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separate analysis of a replicate subsample of 49.91% of the full range of cases (n = 
12,102).  
Further exploration of the data also revealed a significant and large effect size for 
the FCAT mathematics and reading predictors in the eighth grade when controlling for 
academic achievement. Specifically, Cohen’s d for the eighth-grade FCAT predictor was 
.522 and .416 for FCAT reading. A student with an FCAT achievement level of 3 was 
17.11 times more likely to enroll in a chemistry class than a student with an FCAT 
achievement level of 1. For FCAT reading, a student with an achievement level of 3 was 
9.59 times more likely to enroll in chemistry than a student with an FCAT achievement 
level of 1. When compared to the sixth grade, results indicated that the magnitude of the 
effect size for seventh and eighth grade was less; simply put, the R2 decreased. Within the 
sixth-grade model, however, FCAT achievement was again the strongest direct indicator 
of the likelihood of the chemistry enrollment outcome. In contrast, the ninth-grade 
pseudo-FCAT mathematic predictor demonstrated a negligible contribution to the model, 
with a Cohen’s d value of only .005; yet FCAT reading demonstrated a strong effect size, 
with a Cohen’s d value of .695. The data has demonstrated a degree of discontinuity in 
terms of effect sizes in the overall lack of FCAT score conservation observed between 
prior year’s mathematics FCAT scores and those of the ninth-grade FCAT predictors. 
This likely arose from two sources. First, the ninth-grade pseudo-FCAT mathematics 
predictor was derived from student performance on course-specific, district-developed 
achievement on final examinations. Second, there were multiple instruments with no 
reported test validation methods; this likely resulted in a derived substitute variable 
(pseudo-FCAT score) with extremely high variability when compared to actual prior 
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FCAT scores.    
Regarding the FCAT reading predictor, the large effect size of .695 allows for a 
reasonable prediction that students had indeed increased in reading proficiency over time 
since the last FCAT reading assessment. The FCAT, which was measured closest in time 
to the outcome, is expected to have a larger effect on the classification accuracy of the 
logistic model than older FCAT outcomes for any given student. This expectation would 
be extended to an FCAT mathematics test if such an instrument existed. Instead, a 
second, pseudo-FCAT mathematics score was derived from 10th-grade final course 
examination letter grades; however, this predictor—similar to the ninth-grade pseudo-
FCAT mathematics predictor—did not significantly predict achievement. The creation of 
the pseudo-FCAT mathematics predictor for this study facilitates a continuous analysis 
for the strength of all actual FCAT predictors as they pertain to the outcomes of interest.   
At the time of enrollment for the research cohort, no FCAT instrument existed for 
ninth and 10th grades’ mathematics as with sixth through eighth grade. One might 
speculate that if chemistry course enrollment were even partially driven by FCAT 
achievement, the most practical temporal point available to inform on an enrollment 
decision would be the actual FCAT data reported for eighth grade. This is because eighth 
grade would have been the last temporal point for which the FCAT mathematics exam 
was administered and is therefore the most practical score available for such purposes. 
This temporal proximity also likely explains the notably larger effect sizes for eighth-
grade FCAT predictors than for sixth– and seventh-grade FCAT predictors, being that 
both the sixth and seventh grades are more distal temporal points. Otherwise, the data 
demonstrated negligible differences in both model classification accuracy and variability 
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for models from sixth through eighth grade. The observed effect size for eighth-grade 
FCAT achievement predictors clearly deviated from the models for prior years, which 
directly supported the author’s claim that FCAT achievement, specifically in the eighth 
grade, informs student enrollment decisions. Moreover, the eighth-grade model 
demonstrated that students who scored at the FCAT achievement level of 3 or above 
demonstrated a 74.3% probability of subsequent chemistry course enrollment.  
The next research question examined student demographics for unique 
contributions to enrollment in chemistry while controlling for the effects of academic and 
FCAT achievement. The results demonstrated that, when all predictors were considered 
simultaneously, the seventh-grade logistic model correctly classified 81.4% of cases and 
accounted for 56.6% of student enrollment behavior. In regards to gender, female 
students were 1.076 times more likely to enroll in chemistry than male students were. In 
terms of probability, the model demonstrated that, when the entire cohort is considered, 
60.3% of females and 58.9% of males were likely to enroll in a chemistry course over an 
alternative science course. Females were slightly more likely to have enrolled; however, 
enrollment probabilities were similar enough to confirm prior research which has 
suggested that the gender gap in the sciences has narrowed over the course of the last 
decade (Ellison & Swanson, 2010; Goldin, Katz, & Kuziemko, 2006; Jacobs, 2005). 
Moreover, Legewie and DiPrete (2014) recently reported that there has been nearly a 
complete reversal in the gap for academic attainment between men and women. 
 In addition to gender, SES has long been an area of research. There is a large 
body of evidence suggesting that socioeconomic vulnerability is associated with 
diminished access to resources, which has overt and latent effects on learning outcomes, 
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especially among students at or below the poverty line (Sirin, 2005). In the context of this 
study, lower SES students were 7.2% less likely to enroll in chemistry courses than 
higher SES students were. 
Next, considering both gender and SES, higher SES male students were 7.2% 
more likely to enroll in chemistry than did lower SES male students. Likewise, higher 
SES female students were 7.1% more likely to enroll in chemistry than lower SES female 
students were. These results were consistent with Sirin’s (2005) findings and again 
demonstrated the persistence of low SES as a barrier to academic achievement. 
The second research question explored the effects of race. Race did not 
significantly contribute to the overall classification accuracy, nor did it account for 
variance in the model; however, it was still possible to compare the probability of student 
enrollment based on race. Black students were 1.7% less likely to enroll in chemistry than 
White students. Hispanic students were 5.8% less likely to enroll in chemistry than White 
students. Previous findings reported herein demonstrated that females had slightly higher 
odds of chemistry course enrollment; exploration of the effects of SES for females is 
defensibly within the scope of this study. Considering both race and SES, Black female 
students from lower SES were 5.4% less likely to enroll in chemistry than White female 
students from higher SES; moreover, these findings held true when considering males in 
the same context. Hispanic female students from lower SES were 1.2% less likely to 
enroll in chemistry, compared to White female students from higher SES. Though the 
magnitude of this probability may seem trivial, when considering a seventh-grade cohort 
of 10,000 students, for example, nearly 580 Hispanic students would not enroll in 
chemistry. Thus, for only about 7 students, SES would have no bearing on the enrollment 
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outcome. 
Next, special learning services, specifically ELL and ESE, were explored, 
controlling for academic achievement and demographics. In the seventh-grade model, if a 
student received ELL services, the probability of enrollment in chemistry was diminished 
by 2.4%; if a student received ESE services (excluding services for gifted students), the 
probability of enrollment was diminished by 4.3%. Therefore, the results for special 
learning services indicated a reduced likelihood of course enrollment as a function of 
disability.  
 The next research question explored the impact of student behavior—rate of 
absenteeism and number of suspensions—on enrollment in chemistry in the 10th grade, 
while controlling for academic courses, FCAT achievement level, and student 
demographics by grade level. Iver and Messel (2012) found that chronic absenteeism and 
suspensions could moderate high school outcomes. In this study, both rate of absenteeism 
and number of suspensions made a significant—albeit minimal—contribution to model 
classification accuracy; however, they did not uniquely account for variance in 
enrollment at any temporal point. Though the rate of absenteeism and number of 
suspensions did not contribute to the overall regression model, they may have immediate 
and/or direct individual effects. It is likely that frequent suspensions and chronic 
absenteeism are the exception rather than the norm. In this study, 75% of students in the 
cohort were absent 12 days or less, and 90% were suspended for three days or less. It is 
clear why the predictors had no effect in the seventh-grade model, for example. 
Nonetheless, the probabilities can still be explored at the individual level; for example, 
for each day a student was absent, the probability of chemistry enrollment decreased by 
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4.7%, after controlling for demographic and academic variables. Likewise, for each day a 
student was suspended, the probability of chemistry enrollment decreased by 3.4%. In 
both examples, we can see that these particular behavioral indicators are better employed 
in an analysis that is more proximal to the variable of interest as close to concurrently 
with the outcome as feasible. To this end, if practitioners are concerned for a particular 
subgroup, then isolating these variables for that particular subgroups may help in order to 
examine their effects on chemistry enrollment for a particular subgroup of interest.  
In summary, the results demonstrated that the seventh-grade logistic model best 
predicted chemistry enrollment in the 10th grade, when considering demographic, prior 
achievement, and behavioral data. In particular, FCAT achievement was the single 
strongest predictor in both the seventh– and eighth-grade models, and the data revealed 
that female students were more likely to enroll in chemistry than their male peers were. 
The data also confirmed the persistence of low SES as a barrier to academic achievement 
and demonstrated that the rate of neither absenteeism nor the number of suspensions had 
an effect on predictive modeling outcomes. Rather, it is more likely that absenteeism and 
suspensions are predictive of chemistry course enrollment among students who lie two or 
more standard deviations away from the mean (i.e., the effects are diminished closer to 
the mean). Receipt of special learning services (ELL and ESE) had a negative, moderate 
effect on the likelihood of chemistry enrollment. In practice, it is likely that students with 
special learning needs (with the exception of gifted students) require more core and 
remedial coursework, thus reducing the probability of enrollment in advanced courses 
such as chemistry. Lower chemistry enrollment between ELL and ESE students in this 
study appears to support this assertion. The data also demonstrated that Hispanic and, to a 
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lesser extent, Black students were less likely to enroll in chemistry than their White peers 
were. A proportion of the course enrollment rate could be explained by socioeconomic 
vulnerability. Finally, academic achievement, particularly in the case of science course 
achievement, significantly contributed to all predictive modeling outcomes in terms of 
classification accuracy, model variance accounted for, and change in model R2 while 
controlling for demographics, FCAT achievement, and behavior. Eighth-grade FCAT 
mathematics was the single strongest predictor of subsequent chemistry enrollment. In 
general, prior achievement in the sciences and mathematics was a particularly important 
factor for chemistry course enrollment, which is consistent with the literature.  
The next objective of this study was to employ a robust statistical model to predict 
student achievement in chemistry courses. In addition, employment of the logistic models 
was intentional in order to identify specific student attributes, which diminished the odds 
of chemistry achievement. This allows for purposeful identification of at-risk students 
preceding their matriculation into the secondary education system. The strength of 
relationships between predictors and outcomes and the percentage of correct 
classifications are useful to evaluate the accuracy of each predictive model. Coding 
achievement as a binary outcome for the course makes logistic regression analysis the 
most appropriate statistical method to address each of the subsequent research questions.   
The first research question evaluated achievement in the sixth, seventh, eighth, 
and ninth grades for which most accurately predicted the proportion of students who 
passed a chemistry course in the 10th grade with a letter grade of C or better. The 
findings demonstrated that, when the model considers all academic predictors 
simultaneously, the ninth-grade logistic model classified 79.5% of students who either 
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passed or failed chemistry based on prior course and FCAT achievement, accounting for 
40.1% of the model variance. Moreover, the model had 91.0% classification accuracy in 
predicting the odds of passing chemistry in the 10th grade, given the academic predictors. 
In particular, course GPAs in science, mathematics, and English were moderately strong 
predictors of the likelihood of chemistry course outcomes; science GPA was the strongest 
predictor of achievement. Specifically, 67.7% of students who passed a science course in 
ninth grade with a C or higher and enrolled in chemistry passed chemistry with a letter 
grade of C or higher. In contrast, only 15.7% of students who passed a science course in 
ninth grade with a C or higher and enrolled in chemistry subsequently failed the course. 
Moreover, 67.7% of students who passed a mathematics course in ninth grade with a C or 
higher and enrolled in chemistry also passed chemistry with a letter grade of C or higher. 
In contrast, only 15.7% of students who passed a mathematics course in ninth grade with 
a C or higher and enrolled in chemistry subsequently failed the course. The findings 
confirm prior research demonstrating that prior achievement, as measured by GPA, in 
both the sciences and mathematics are predictive of academic achievement in future 
courses (ACT, 2008; Bloom et al., 2008; Lebihan & Takogmo, 2015). Moreover, 
Harachiewicz et al. (2002) reported that high school performance was highly predictive 
of both short– and long-term academic success in post-secondary education. Ayan and 
Garcia (2008) confirmed Harachiewicz et al.’s findings, particularly for post-secondary 
chemistry. Likewise, research indicated that prior course achievement was strongly 
predictive of future achievement in subsequent courses in secondary education (Duncan 
et al., 2007; Hemmings et al., 2011; House et al., 1996; McKenzie & Schweitzer, 2001; 
Watts et al., 2014; Zeegers, 2004). Watts et al. (2014) reported significant results for 
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longitudinal learning gains in mathematics stemming from students who experienced 
early achievement in mathematics in preschool. According to Watts et al. (2014), the 
learning gains were higher for high school for mathematics achievement when compared 
to peers who abstained from enrollment in preschool and did not experience early 
academic success. Lesnick et al. (2010) had similar results for literacy. The literature 
supports an overt link between prior achievement in elementary and secondary school 
and course achievement at the post-secondary level. This research demonstrated that prior 
achievement increased the likelihood of achievement in chemistry. The current study’s 
logistic modeling confirmed the link between prior achievement and learning gains over 
time, as demonstrated by the increased effect size as well as the increase in the amount of 
variance accounted for across all modeling efforts.   
Therefore, this evidence supports the cumulative-learning theory. Problem-based 
learning remains strongly influenced by mastery of prior and successive skills, which 
accumulate as a temporal function of increasing higher-order cognitive ability (Yew, 
Chng, & Schmidt, 2011). It is not likely, however, for time alone on any given task to 
result in higher cognitive ability, nor is it likely for mastery of novice-level skills alone to 
ensure a student’s growth in reasoning ability. Rather, discipline-specific achievement 
over time is likely a better indicator of future performance within the same discipline 
(Siegler & Pyke, 2013).   
A Pearson product-moment correlation was calculated for each core discipline: 
mathematics, English, history, and science; there was a longitudinal effect whereby 
course GPAs within each discipline were moderately correlated with subsequent GPA in 
the same discipline. Similarly, prior science GPA was moderately correlated with 
89 
 
chemistry course achievement; there was a relationship between prior mathematics and 
English achievement and chemistry course achievement. This was expected because 
chemistry courses are, by nature, grounded largely in both basic and advanced algebra, 
and math skills are needed in order to solve word problems in chemistry—thus 
explaining the moderate effects observed in the logistic models for both the mathematics 
and English academic predictors. Moreover, the correlation analysis also revealed that 
teacher interpretations of student achievement as reported in the form of letter grades 
were relatively stable from year to year within each discipline, which served to calculate 
course-specific GPAs in this study.  Moreover, the importance of qualifying the academic 
variable with the correlation analysis is quintessential to the logistic modeling preformed 
in this study.  Correlational analysis fairly compares the calculated GPAs from year to 
year most, which is important when using course letter grades exclusively as the basis of 
any derived predictor.  Though prior research has shown that prior, performance is 
predictive of future performance some may argue that, potentially, there may exist, some 
subjective in the methodology pertaining to how the teacher(s) derived the letter grade for 
any particular course.  Unaccountable variability may exist certainly between teachers 
and may just as likely exist between grade-levels for the same academic disciplines. The 
moderate correlations within each discipline and over multiple years, demonstrate that the 
calculated discipline GPA is a fairly consistent conservation of a metric for academic 
progress despite the likely existence of the variability.  The data shows a moderate 
correlation for the calculated GPAs, which was, is important because this variable has an 
enormous influence on the outcomes of most of the logistic models reported herein. 
Lastly, correlation analysis demonstrated that when calculated academic discipline letter 
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grades are moderately conserved between academic years, however, because the 
relationship is only moderate in nature this finding demonstrates that a cumulative GPA 
hinders researchers and practitioners form examining difference in achievement that 
naturally occur from year to year. 
Likewise, the moderate relationship between the academic predictors and 
chemistry course achievement, as well as with the strong predictive power of the ninth– 
and seventh-grade logistic models, led to the inclusion of cumulative course averages into 
the logistic models. As expected, there was a moderately strong effect size for both 
cumulative science GPA and cumulative mathematics GPA as predictors of chemistry 
course achievement. These results were consistent with previous research findings that 
prior achievement in mathematics and science, as measured by GPA, was predictive of 
future outcomes in post-secondary school (Noble & Sawyer, 1987; 2002). Moreover, the 
current findings extend previous findings from the post-secondary literature to the 
secondary and middle grades, demonstrating that cumulative predictors (i.e., GPA) for 
core academic courses, as early as the sixth grade, can be employed in predictive 
modeling with high fidelity. 
Considering, then, standardized tests such as the SAT and ACT, which were 
designed and validated to predict freshmen achievement (Kobrin, Patterson, Shaw, 
Mattern, & Barbuti, 2008), it is not surprising to find research demonstrating the high 
correlation between SAT mathematics achievement and general chemistry achievement 
at the post-secondary level (Nordstrom, 1990). On the other hand, achievement tests such 
as the FCAT were designed to assess the level of student proficiency in mathematics and 
reading at fixed temporal points in order to evaluate achievement to date (Kim & Suen, 
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2014).   
 The next set of research questions explored student demographic attributes and 
behavior (rate of absenteeism and number of suspensions) for unique contributions to 
course achievement in chemistry, while controlling for the effects of academic 
achievement. The results demonstrated that, when all predictors were considered 
simultaneously, the ninth-grade logistic model correctly classified 79.8% of student 
enrollment behavior, accounting for 40.6% of the model variance. Female students were 
1.101 times more likely to pass chemistry than did male students. In terms of probability, 
the model demonstrated that, when the entire cohort was considered for course 
achievement, 65.6% of females and 63.4% of males were likely to pass a chemistry 
course over an alternative science course. Females were slightly more likely to pass 
chemistry with a C or better; however, the probabilities were similar enough to confirm 
prior research findings that the gender gap in the sciences has narrowed over the course 
of the last decade (Ellison & Swanson, 2010; Goldin et al., 2006; Jacobs, 2005). 
Moreover, Legewie and DiPrete (2014) recently found that there has been nearly a 
complete reversal in the gap for academic attainment between men and women.  
 In addition to gender, socioeconomic status has long been an area of research, and 
there is a large body of evidence suggesting that students below or at the poverty line 
have poorer learning outcomes than higher SES students (Sirin, 2005). In this study, 
lower SES students were 3.0% less likely to pass chemistry than did higher SES students. 
Considering both gender and SES, higher SES males were 3.0% more likely to pass 
chemistry than lower SES males. Likewise, higher SES females were 2.9% more likely to 
pass chemistry than lower SES females. These results were consistent with Sirn’s (2005) 
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findings and again demonstrated the persistence of SES as a barrier to academic 
achievement.     
 The next research question examined the effect of race. Race generally did not 
significantly contribute to the overall classification accuracy, nor did it account for 
variance in the regression model; however, it was still possible to compare the probability 
of passing chemistry based on race. Black students were 3.8% less likely to pass 
chemistry than White students and 1.1% less likely to pass chemistry than Hispanic 
students. Moreover, because previous findings demonstrated that females had slightly 
higher odds of passing chemistry, an explanation through data exploration for race and 
SES for females is justifiable. Black female students from lower SES were 5.0% less 
likely to pass chemistry than White female students from higher SES; these findings held 
true when considering males in the same context. These results were again consistent 
with prior research demonstrating that lower SES negatively influences student 
achievement (Sirin, 2005).  
Next, the impact of special learning services—specifically ELL and ESE—on the 
odds of completing a chemistry course with a letter grade of C or better was examined, 
controlling for academic achievement and demographics. The ninth-grade model 
demonstrated, for example, that if a student received services for ELL and enrolled in 
chemistry, the probability of passing chemistry was diminished by 3.7%; if a student 
received ESE (excluding giftedness), the probability of passing chemistry was diminished 
by 2.0%. The results for special learning services indicated that there was a reduced 
likelihood of passing chemistry simply as a function of disability.  
 To complete the second research objective, a second set of research questions 
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examined the impact of student behavior—rate of absenteeism and number of 
suspensions—on the odds of passing chemistry in the 10th grade, while controlling for 
demographic, academic, and FCAT achievement level by grade level. Iver and Messel 
(2012) found that chronic absenteeism and suspensions could moderate high school 
outcomes. In this study, absenteeism and suspension rates did not significantly contribute 
to the regression model. However, at the individual level in 10th grade, after controlling 
for prior achievement and demographics, each day a student was absent decreased the 
probability of the student passing chemistry with a C or better by 5.7%. Likewise, for 
each day that a student was suspended in the 10th grade, the probability of passing 
chemistry with a C or better decreased by 1.5%. These findings indicate that the rate of 
absenteeism and the number of suspensions only influence chemistry achievement at the 
individual level. It is likely that frequent suspensions and chronic absenteeism are the 
exception rather than the norm. Indeed, the results revealed that 90% of students in the 
10th grade were absent 17 or fewer days and were suspended one or fewer days. The rate 
of absenteeism or number of suspensions appears to only affect students who fall two or 
more standard deviations beyond the norm.   
In summary, the results overall demonstrated that the ninth-grade logistic model 
best predicted chemistry course achievement in the 10th grade when controlling for 
demographic, prior achievement, and behavioral data. In particular, prior science 
achievement predictors were the strongest indicators of chemistry course achievement. 
For all predictive models, the data revealed that female students were slightly more likely 
to pass a course in chemistry than their male peers. The data also confirmed the 
persistence of low SES as an obstacle to achievement and demonstrated that both the rate 
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of absenteeism and number of suspensions had only a weak, negligible effect on 
predicting chemistry achievement. Absenteeism and suspension rates were more overt at 
the individual level (i.e., among individuals two or more standard deviations away from 
the mean), negatively affecting academic achievement; in the larger regression model, 
however, the effects became silenced because absenteeism and suspensions were not the 
norm. Special learning services (ELL and ESE) had a negative—albeit weak—effect on 
the likelihood of passing chemistry. It is likely that students with special learning needs 
(excluding gifted students) have more difficulty with higher-order cognitive processes 
needed to successfully navigate chemistry coursework. As expected, ELL and ESE 
students had more difficulty passing chemistry. The data also demonstrated that race did 
not significantly influence chemistry course achievement. However, at the individual 
level, Black and, to a lesser extent, Hispanic students were less likely to pass a course in 
chemistry than their White peers.   
Finally, to address the three alternative theoretical frameworks for the views 
concerning best predictors of chemistry enrollment and achievement. The first view was 
that the level of prior achievement in mathematics and/or science in the early grades is 
key to future success and acts as a bottleneck for pathways into chemistry enrollment and 
achievement (see Figure 1). The data demonstrates that though prior mathematics and 
science achievement are slightly stronger predictors, in terms of effect size, the 
magnitude of these effect sizes are comparable when considering other academic 
predictors. The second alternative view is that more general achievement is key, such that 
mathematics and science is not better a predictor than reading-intensive courses such as 
English and/or history (see Figure 2). The data supports this alternative theoretical 
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construct where the effect sizes for the academic predictors are comparable at each 
temporal point of consideration. Finally, the third alternative hypothesis, derived from the 
literature has shown that demographics and/or behavior are important predictors even 
when controlling for academic achievement (see Figure 3). Overall, the data did not 
support the third conceptual framework.  In summary, the data supports the second 
alternative view by a) showing that math and science show similar predictive power as 
the English and history inputs (predictors), and b) demographics and behavior were not 
important (negligible effects) when predictors were entered into the models while 
controlling for prior academic achievement and demographics. This suggests the 
importance of early academic achievement and not behavior or demographics as the 
driving force for later chemistry enrollment and achievement.  
Recommendations 
 The findings demonstrated that prior science course GPA was the strongest 
predictor of passing chemistry, followed by prior mathematics course GPA. Findings 
were consistent for individual temporal points as well as across multiple years of data. 
Based on these findings, it would be advisable to use cumulative GPAs from prior 
science and mathematics courses to inform decisions related to enrollment into chemistry 
courses in place of the current eighth-grade FCAT mathematics achievement score.  
 The findings also demonstrated that course-specific, county-made standardized 
examinations should be excluded from the calculation of cumulative score averages for 
predictive modeling due to a general lack of validation methodologies across the 
instruments. To this end, when ninth– and 10th-grade mathematics final examination 
scores were considered as pseudo-FCAT proxies, the effects were negligible and 
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inconsistent with prior FCAT mathematics achievement scores. Based on these findings, 
it would be advisable to avoid constructing pseudo-proxy scores in lieu of standardized 
test scores.   
 The findings demonstrated that low SES remains a persistent obstacle for both 
course enrollment and achievement. Based on these findings, it may be advisable to 
increase resources for lower SES students in terms of access to school-based tutoring, 
perhaps before and/or after school, and greater access to course sustainment during the 
summer months when school is not normally in session. Improving access to these 
resources may increase both rate of enrollment and probability of success in a chemistry 
course.   
The findings also demonstrated that course achievement may be negatively 
affected by higher-than-average rates of absences and suspensions. Based on these 
findings, it may be advisable to develop and employ policy to decrease the number of 
days a student is absent or suspended. This may increase the probability of course 
achievement. 
This study did not consider the hierarchical nature of interaction or variance 
explained by individuals grouped by classroom, which are naturally nested within 
schools. Future work should focus on the contributions that arise from interactions among 
the predictors within a hierarchical structure. Additionally, the logistic models used in 
this study only considered archival data. Future research should consider the effects of 
psychological, neurological, and sociological factors on achievement outcomes at the 
individual, classroom, and school-site levels. It would also be advisable for future 
research to employ a cross-validation approach with separate cohorts of students or with 
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a more advanced replacement–resampling methodology.   
Limitations 
 The first major limitation in this study was the cross-validation approach used for 
model testing. As indicated in the data-processing section, each round of independent, 
replicate-model testing iterations was re-sampled from a random portion of the same 
cohort of students, which is useful in order to validate research findings but does not 
definitively demonstrate generalizability to future cohorts. Future research should cross-
validate with two separate cohorts of students. The next major limitation was the level of 
analysis. The reported findings of this study were only in consideration of the effects of 
performance at the individual level. The hierarchical variability in both the statistical and 
practical sense at the classroom and school-site levels was not accounted for when 
considering the predictors.   
The next limitation was the processing of the history predictor. Specifically, it 
was possible for students to enroll in multiple semester-long history courses in the same 
academic year; some students may have elected to take fewer history courses, which may 
have resulted in a slightly inflated history GPA. This was likely the reason why history 
had a slightly larger effect than expected when compared to history GPA in subsequent 
academic years, as well as when compared to English GPA, for instance. This was the 
case because there is far greater opportunity to enroll in history courses in any given 
academic year compared to other academic course, which must follow a specific 
sequence.   
Future Research 
 The reported predictive models explored in this study were able to classify 
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students accurately, for those who are at risk of either not enrolling or of performing 
poorly in the chemistry course. Both outcomes have reported effects on student 
performance at the post-secondary level. This dissertation tested a predictive model to 
address the need to identify students who are susceptible to diminished chances of course 
enrollment and achievement in chemistry at the high-school level. Furthermore, the 
model’s methodology is directly applicable to other school districts and student cohorts. 
The predictive modeling is purposely intended to be both transferable and easily 
generalizable to other cohorts. Given the lack of reported instruments in the literature, 
this study is critical for the future development of predictive modeling to progressively 
aid practitioners in academic trajectory estimation. Future research should explore 
additional populations excluded from this study.   
This study did not consider the hierarchical nature of interaction or variance 
explained by individuals grouped by classroom, which naturally occur within schools. 
Future work should focus on the contributions that arise from interactions among the 
predictors within a hierarchical structure. Additionally, the logistic models used in this 
study only considered archival data. Future research should consider the effects of 
psychological, neurological, and sociological factors on achievement outcomes at the 
individual, classroom, and school-site levels. It would also be advisable for future 
research to employ a cross-validation approach with separate cohorts of students or with 
a more advanced replacement–resampling methodology.   
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Table A1 
 
Mean and Standard Deviations for Variables with the Missing Values Compared to Mean and Standard 
Deviations after EM Replacement (n = 12, 102). 
 Raw Mean (SD)   EM Mean (SD) 
Variable     6th     7th     8th     9th     10th     6th 7th 8th 9th 10th 
Math 2.8 (1.0) 2.8 (1.0) 2.6 (1.0) 2.3 (1.1) 2.2 (1.1) 2.9 (1.0) 2.8 (1.0) 2.6 (1.0) 2.3 (1.1) 2.1 (1.1) 
English 3.1 (1.0) 1.8 (1.0) 2.9 (1.0) 2.6 (1.1) 2.6 (1.1) 3.1 (1.0) 1.8 (1.0) 2.9 (1.0) 2.6 (1.1) 2.6 (1.1) 
Science 3.0 (1.0) 2.9 (1.0) 2.7 (1.0) 2.4 (1.1) 2.4 (1.0) 3.0 (1.0) 2.9 (1.0) 2.7 (1.0) 2.4 (1.1) 2.4 (1.1) 
History 3.1 (1.0) 3.0 (1.0) 2.9 (1.0) 2.5 (1.1) 2.6 (1.0) 3.1 (1.0) 3.0 (1.0) 2.9 (1.0) 2.5 (1.1) 2.6 (1.0) 
FCAT 
read 
3.0 (1.1) 3.0 (1.2) 2.6 (1.1) 2.7 (1.2) 2.7 (1.3) 3.0 (1.2) 3.0 (1.2) 2.6 (1.1) 2.7 (1.2) 2.7 (1.2) 
FCAT 
math 
2.8 (1.2) 3.0 (1.2) 3.1 (1.2) 2.2 (1.3) 2.2 (1.3) 2.8 (1.3) 3.0 (1.2) 3.1 (1.2) 2.2 (1.3) 2.2 (1.3) 
Note. Outcome excludes EM-replaced data in all analyses.  
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Table B1 
 
Sixth-Grade Logistic Regression Predicting Enrollment into Chemistry, Controlling for Academic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Math .171 (.056) 3.05* 1.187 0.095 .001 
English .246 (.059) 4.169 1.279 0.136 .002 
History .326 (.060) 5.433 1.386 0.180 .004 
Science .208 (.061) 3.410 1.231 0.115 .002 
FCAT Math .642 (.052) 12.35 1.901 0.354 .023 
FCAT Reading .740 (.050) 14.8 2.096 0.408 .035 
Note. Data were constructed from a random resampling of 49.91% of the full data set for replication. ELL = 
English language learner; ESE = exceptional student education. All slopes and intercepts were significant at 
p < .001 unless otherwise indicated with * where p < .05 or with † denoting nonsignificance. Model 
classification accuracy = 77.9%; model Nagelkerke R2 = .461. Change in Nagelkerke R2 was calculated as 
the difference between the model with all predictors entered at the same time minus the same model with 
the variable of interest removed. 
 
 
Table B2 
 
Seventh-Grade Logistic Regression Predicting Enrollment into Chemistry, Controlling for Academic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Math .170 (.058) 2.931 1.186 0.094 .002 
English .167 (.063) 2.651 1.182 0.092 .002 
History .370 (.061) 6.066 1.448 0.204 .010 
Science .255 (.063) 4.048 1.291 0.141 .010 
FCAT Math .767 (.061) 12.57 2.152 0.423 .026 
FCAT Reading .610 (.061) 10.000 1.840 0.336 .036 
Note. Data were constructed from a random resampling of 49.91% of the full data set for replication. ELL 
= English language learner; ESE = exceptional student education. All slopes and intercepts were 
significant at p < .001 unless otherwise indicated with * where p < .05 or with † denoting nonsignificance. 
Model classification accuracy = 82.0%; model Nagelkerke R2 = .543. Change in Nagelkerke R2 was 
calculated as the difference between the model with all predictors entered at the same time minus the same 
model with the variable of interest removed. 
 
 
Table B3 
 
Eighth-Grade Logistic Regression Predicting Enrollment into Chemistry, Controlling for Academic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Math -.046 (.048) .958† .958 -0.024 0 
English .353 (.051) 6.921 1.421 0.194 .007 
History .332 (.052) 6.385 1.391 0.182 .005 
Science .196 (.053) 3.698 1.218 0.109 .002 
FCAT Math .784 (.053) 14.79 2.178 0.429 .035 
FCAT Reading .713 (.046) 15.5 1.999 0.382 .034 
Note. Data were constructed from a random resampling of 49.91% of the full data set for replication. ELL = 
English language learner; ESE = exceptional student education. All slopes and intercepts were significant at 
p < .001 unless otherwise indicated with * where p < .05 or with † denoting nonsignificance. Model 
classification accuracy = 77.1%; model Nagelkerke R2 = .466. Change in Nagelkerke R2 was calculated as 
the difference between the model with all predictors entered at the same time minus the same model with 
the variable of interest removed. 
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Table B4 
 
Ninth-Grade Logistic Regression Predicting Enrollment into Chemistry, Controlling for Academic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Math -.012 (.049) .245† .988 -0.007 .002 
English .266 (.050) 5.32 1.305 0.147 .006 
History .129  (.046) 2.804* 1.138 0.071 .003 
Science .427 (.051) 8.372 1.533 0.236 .012 
FCAT Math .163 (.042) 3.881 1.177 0.090 .005 
FCAT Reading .957 (.045) 21.267 2.603 0.527 .090 
Note. Data were constructed from a random resampling of 49.91% of the full data set for replication. ELL = 
English language learner; ESE = exceptional student education. All slopes and intercepts were significant at 
p < .001 unless otherwise indicated with * where p < .05 or with † denoting nonsignificance. Model 
classification accuracy = 75.8%; model Nagelkerke R2 = .443. Change in Nagelkerke R2 was calculated as 
the difference between the model with all predictors entered at the same time minus the same model with 
the variable of interest removed. 
 
 
Table B5 
 
10th-Grade Logistic Regression Predicting Enrollment into Chemistry, Controlling for Academic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Math .066 (.045) 1.467† 1.068 0.036 0 
English .356 (.046) 7.739 1.428 0.196 .009 
History -.122 (.041) 2.98* .885 -0.067 .001 
FCAT Math -.032 (.039) .820† .968 -0.018 0 
FCAT Reading 1.026 (.042) 24.428 2.790 0.566 .111 
Note. Data were constructed from a random resampling of 49.91% of the full data set for replication. ELL = 
English language learner; ESE = exceptional student education. All slopes and intercepts were significant at 
p < .001 unless otherwise indicated with * where p < .05 or with †denoting nonsignificance. Model 
classification accuracy = 75.1%; model Nagelkerke R2 = .399. Change in Nagelkerke R2 was calculated as 
the difference between the model with all predictors entered at the same time minus the same model with 
the variable of interest removed. 
 
 
Table B6 
 
Sixth-Grade Logistic Regression Predicting Enrollment into Chemistry, Controlling for Demographic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .089 (.036) 2.62* 1.093 0.049 .001 
SES .036 (.037) .97† 1.037 0.020 0 
ELL -.103 (.035) 2.94* .902 -0.057 .001 
ESE -.142 (.045) 3.155 .868 -0.078 .001 
Black .050 (.138) .36†   1.051 0.027 0 
White .244 (.124) 1.97† 1.277 0.135 0 
Hispanic .070 (.127) .551† 1.073 0.039 0 
Note. Data were constructed from a random resampling of 49.91% of the full data set for replication. ELL = 
English language learner; ESE = exceptional student education. Other set as the reference race category. 
All slopes and intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or 
with † denoting nonsignificance. Model classification accuracy = 77.9%; model Nagelkerke R2 = .461. 
Change in Nagelkerke R2 was calculated as the difference between the model with all predictors entered at 
the same time minus the same model with the variable of interest removed. 
116 
 
Table B7 
 
Seventh-Grade Logistic Regression Predicting Enrollment into Chemistry, Controlling for Demographic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .069 (.044) 1.568 1.072 0.038 0.001 
SES -.175 (.049) 3.571 .840 -0.096 0 
ELL -.092 (.043) 2.139 .912 -0.051 0.002 
ESE -.198 (.051) 3.882 .821 -.11 0.002 
Black .049 (.072) .680 1.050 .027 0 
White .146 (.080) 1.825 1.157 .080 0 
Hispanic .105 (.076) 1.381 1.111 .058 0 
Note. Data were constructed from a random resampling of 49.91% of the full data set for replication. ELL = 
English language learner; ESE = exceptional student education. Other set as the reference race category. 
All slopes and intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or 
with †denoting nonsignificance. Model classification accuracy = 82.0%; model Nagelkerke R2 = .543. 
Change in Nagelkerke R2 was calculated as the difference between the model with all predictors entered at 
the same time minus the same model with the variable of interest removed. 
 
 
Table B8 
 
Eighth-Grade Logistic Regression Predicting Enrollment into Chemistry, Controlling for Demographic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .091 (.034) 2.68* 1.08 .044 0 
SES .043 (.038) 1.131† 1.047 .044 0 
ELL -.169 (.035) 4.828 .839 -.097 .003 
ESE .068 (.139) .489 .859 -.084 .001 
Black .247 (.125) 1.98† 1.068 .036 0 
White .125 (.129) .969† 1.308 .148 0 
Hispanic .146 (.042) 3.476† 1.137 .071 0 
Note. Data were constructed from a random resampling of 49.91% of the full data set for replication. ELL = 
English language learner; ESE = exceptional student education. Other set as the reference race category. 
All slopes and intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or 
with † denoting nonsignificance. Model classification accuracy = 77.1%; model Nagelkerke R2 = .466. 
Change in Nagelkerke R2 was calculated as the difference between the model with all predictors entered at 
the same time minus the same model with the variable of interest removed. 
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Table B9 
 
Ninth-Grade Logistic Regression Predicting Enrollment into Chemistry, Controlling for Demographic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .081 (.034) 2.38* 1.08 .044 0 
SES .086 (.038) 2.26* 1.090 .048 0 
ELL -.240 (.035) 6.857 .786 -.133 .007 
ESE -.157 (.043) 3.651 .855 -.086 .002 
Black -.017 (.139) .122† .938 -.035 0 
White .156 (.127) 1.228† 1.168 .086 0 
Hispanic .087 (.130) .669† 1.091 .048 0 
Note. Data were constructed from a random resampling of 49.91% of the full data set for replication. ELL = 
English language learner; ESE = exceptional student education. Other set as the reference race category. 
All slopes and intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or 
with † denoting nonsignificance. Model classification accuracy = 75.8%; model Nagelkerke R2 = .443. 
Change in Nagelkerke R2 was calculated as the difference between the model with all predictors entered at 
the same time minus the same model with the variable of interest removed. 
 
 
Table B10 
 
10th Grade Logistic Regression Predicting Enrollment into Chemistry, Controlling for Demographic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .130 (.033) 3.939 1.139 .072 .002 
SES .059 (.036) 1.639† 1.060 .032 0 
ELL -.244 (.033) 7.394 .783 -.135 .009 
ESE -.149 (.042) 3.548 .862 -.082 .002 
Black .128 (.135) .948† 1.137 .071 0 
White -.208 (.121) 1.719† .812 -.115 0 
Hispanic -.016 (.124) .129† .984 -.009 0 
Note. Data were constructed from a random resampling of 49.91% of the full data set for replication. ELL = 
English language learner; ESE = exceptional student education. Other set as the reference race category. 
All slopes and intercepts were significant at p < .001 unless otherwise indicated with * where p < .05 or 
with †denoting nonsignificance. Model classification accuracy = 75.1%; model Nagelkerke R2 = .399. 
Change in Nagelkerke R2 was calculated as the difference between the model with all predictors entered at 
the same time minus the same model with the variable of interest removed. 
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Table B11 
 
Logistic Regression Predicting Enrollment into Chemistry, Controlling for Behavioral Predictors Based on 
the Replicate Subsample 
Variable B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
 
Absenteeism 
 
     
10th Grade  -.024 (.004) 6.0 0.957 -0.024 .054 
9th Grade  -.003 (.005) 0.6† 1.006 0.003 .039 
8th Grade  .011 (.005) 2.2* 1.007 0.004 .035 
7th Grade  .025 (.006) 4.17 1.026 0.014 .018 
6th Grade  .005 (.006) 0.83† 1.005 0.003 .016 
Suspensions 
 
     
10th Grade  -.153 (018) 8.5 0.858 -0.084 .019 
9th Grade  -.077 (.015) 5.13 0.926 -0.042 .010 
8th Grade  -.023 (.015) 1.53* 0.978 -0.012 .008 
7th Grade  -.039 (.016) 2.44 0.962 -0.021 .006 
6th Grade  -.046 (.021) 2.19 0.955 -0.025 .003 
Note. Change in Nagelkerke R2 was calculated as the difference between the model with all predictors 
entered at the same time minus the same model with the variable of interest removed. All slopes and 
intercepts are significant at p < .001 unless otherwise indicated with * where p < .05 or with † denoting 
nonsignificance. Absenteeism model classification accuracy = 78.0%; model Nagelkerke R2 = .447. 
Suspension model classification accuracy = 78.3%; model Nagelkerke R2 = .470. Data was derived from a 
random sample of 49.91% of the full range of cases. 
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Appendix C 
Results for Chemistry Achievement Pass (Grade of C or Better) Versus Fail Based on the 
Replicate Subsample 
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Table C1 
 
Sixth-Grade Logistic Regression Predicting Chemistry Course Achievement, Controlling for Academic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Math .748 (.085) 8.8 2.114 0.413 .033 
English .458 (.089) 5.146 1.582 0.253 .011 
History -.066 (.090) .733† .936 -0.036 0 
Science .174 (.092) 1.891† 1.190 0.096 .001 
FCAT Math .184 (.077) 2.390* 1.202 0.101 .002 
FCAT Reading .279 (.076) 3.671 1.322 0.154 .005 
Note. Data were derived from the 49.74% of the full data set for replication. Model classification accuracy 
= 95.2%; model Nagelkerke R2 = .261. Change in Nagelkerke R2 was calculated as the difference between 
the model with all predictors entered at the same time minus the same model with the variable of interest 
removed. The pseudo-FCAT math predictor was constructed from achievement on course-specific final 
examinations (ninth and 10th grades only). All slopes and intercepts are significant at p < .001 unless 
otherwise indicated with * where p < .05 or with † for nonsignificance.  
 
 
Table C2 
 
Seventh-Grade Logistic Regression Predicting Chemistry Course Achievement, Controlling for Academic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Math .717 (.080) 8.962 2.049 0.395 .034 
English .297 (.092) 3.228 1.346 0.164 .005 
History .284 (.082) 3.463 1.329 0.157 .005 
Science .296 (.086) 3.442 1.345 0.163 .005 
FCAT Math .236 (.079) 2.99* 1.266 0.130 .004 
FCAT Reading .271 (.074) 3.662 1.311 0.149 .005 
Note. Data were derived from the 49.74% of the full data set for replication. Model classification accuracy 
= 92.1%; model Nagelkerke R2 = .257. Change in Nagelkerke R2 was calculated as the difference between 
the model with all predictors entered at the same time minus the same model with the variable of interest 
removed. The pseudo-FCAT math predictor was constructed from achievement on course-specific final 
examinations (ninth and 10th grades only). All slopes and intercepts are significant at p < .001 unless 
otherwise indicated with * where p < .05 or with † for nonsignificance.  
 
 
Table C3 
 
Eighth-Grade Logistic Regression Predicting Chemistry Course Achievement, Controlling for Academic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Math .513 (.074) 6.932 1.671 0.283 .020 
English .188 (.079) 2.38* 1.206 0.103 .003 
History .378 (.079) 4.785 1.460 0.209 .010 
Science .265 (.082) 3.232 1.304 0.146 .005 
FCAT Math .432 (.076) 5.684 1.541 0.238 .014 
FCAT Reading .213 (.071) 3.0* 1.237 0.117 .004 
Note. Data were derived from the 49.74% of the full data set for replication. Model classification accuracy 
= 92.1%; model Nagelkerke R2 = .301. Change in Nagelkerke R2 was calculated as the difference between 
the model with all predictors entered at the same time minus the same model with the variable of interest 
removed. The pseudo-FCAT math predictor was constructed from achievement on course-specific final 
examinations (ninth and 10th grades only). All slopes and intercepts are significant at p < .001 unless 
otherwise indicated with * where p < .05 or with † for nonsignificance.  
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Table C4 
 
Ninth-Grade Logistic Regression Predicting Chemistry Course Achievement, Controlling for Academic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Math .356 (.081) 4.395 1.428 0.196 .008 
English .457 (.082) 5.573 1.579 0.252 .013 
History .340 (.073) 4.657 1.406 0.188 .009 
Science .599 (.087) 6.885 1.821 0.330 .020 
FCAT Math .238 (.068) 3.5 1.268 0.131 0 
FCAT Reading .197 (.071) 2.775 1.218 0.109 .003 
Note. Data were derived from the 49.74% of the full data set for replication. Model classification accuracy 
= 91.8%; model Nagelkerke R2 = .359. Change in Nagelkerke R2 was calculated as the difference between 
the model with all predictors entered at the same time minus the same model with the variable of interest 
removed. The pseudo-FCAT math predictor was constructed from achievement on course-specific final 
examinations (ninth and 10th grades only). All slopes and intercepts are significant at p < .001 unless 
otherwise indicated with * where p < .05 or with † for nonsignificance.  
 
 
Table C5 
 
10th-Grade Logistic Regression Predicting Chemistry Course Achievement, Controlling for Academic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Math .698 (.078) 8.949 2.009 0.385 .029 
English .949 (.084) 11.298 2.582 0.523 .048 
History .449 (.069) 6.507 1.566 0.247 .015 
FCAT Math .285 (.066) 4.318 1.330 0.157 .006 
FCAT Reading .350 (.073) 4.794 1.420 0.193 .008 
Note. Data were derived from the 49.74% of the full data set for replication. Model classification accuracy 
= 92.7%; model Nagelkerke R2 = .492. Change in Nagelkerke R2 was calculated as the difference between 
the model with all predictors entered at the same time minus the same model with the variable of interest 
removed. The pseudo-FCAT math predictor was constructed from achievement on course-specific final 
examinations (ninth and 10th grades only). All slopes and intercepts are significant at p < .001 unless 
otherwise indicated with * where p < .05 or with †for nonsignificance.  
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Table C6 
 
Sixth-Grade Logistic Regression Predicting Chemistry Course Achievement, Controlling for Demographic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .141 (.051) 2.76* 1.152 0.078 .003 
SES -.207 (.055) 3.764 .813 -0.114 .005 
ELL .125 (.066) 1.894† 1.134 0.069 .001 
ESE -.086 (.071) 1.211† .918 -0.047 0 
Black -.565 (.212) 2.66* .568 -0.312 0 
White -.217 (.190) 1.142† .805 -0.120 0 
Hispanic -.432 (.194) 2.227* .649 -0.238 0 
Note. Data were derived from the 49.74% of the full data set for replication. Model classification accuracy 
= 78.7%; model Nagelkerke R2 = .278. Change in Nagelkerke R2 was calculated as the difference between 
the model with all predictors entered at the same time minus the same model with the variable of interest 
removed. The pseudo-FCAT math predictor was constructed from achievement on course-specific final 
examinations (ninth and 10th grades only). Other set as the reference race category. All slopes and 
intercepts are significant at p < .001 unless otherwise indicated with *where p < .05 or with †for 
nonsignificance.  
 
 
Table C7 
 
Seventh-Grade Logistic Regression Predicting Chemistry Course Achievement, Controlling for 
Demographic Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .149 (.051) 2.92* 1.160 0.082 .003 
SES -.247 (.056) 4.411 .781 -0.136 .008 
ELL .097 (.065) 1.492† 1.102 0.054 .001 
ESE -.133 (.071) 1.87* .875 -0.074 .001 
Black -.551 (.212) 2.6* .576 -0.304 0 
White -.287 (.190) 1.510† .751 -0.158 0 
Hispanic -.469 (.195) 2.40† .625 -0.259 0 
Note. Data were derived from the 49.74% of the full data set for replication. Model classification accuracy 
= 76.4%; model Nagelkerke R2 = .274. Change in Nagelkerke R2 was calculated as the difference between 
the model with all predictors entered at the same time minus the same model with the variable of interest 
removed. The pseudo-FCAT math predictor was constructed from achievement on course-specific final 
examinations (ninth and 10th grades only). Other set as the reference race category. All slopes and 
intercepts are significant at p < .001 unless otherwise indicated with * where p < .05 or with † for 
nonsignificance.  
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Table C8 
 
Eighth-Grade Logistic Regression Predicting Chemistry Course Achievement, Controlling for 
Demographic Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .175 (.052) 3.365 1.191 0.096 .005 
SES -.233 (.057) 4.088 .792 -0.129 .007 
ELL .083 (.065) 1.277† 1.086 0.045 .001 
ESE -.084 (.073) 1.15† .919 -0.047 .001 
Black -.434 (.216) 2.01* .648 -0.239 0 
White -.134 (.193) .694† .874 -0.074 0 
Hispanic .289 (.198) 1.459† .749 -0.159 0 
Note. Data were derived from the 49.74% of the full data set for replication. Model classification accuracy 
= 78.6%; model Nagelkerke R2 = .319. Change in Nagelkerke R2 was calculated as the difference between 
the model with all predictors entered at the same time minus the same model with the variable of interest 
removed. The pseudo-FCAT math predictor was constructed from achievement on course-specific final 
examinations (ninth and 10th grades only). Other set as the reference race category. All slopes and 
intercepts are significant at p < .001 unless otherwise indicated with * where p < .05 or with † for 
nonsignificance.  
 
 
Table C9 
 
Ninth-Grade Logistic Regression Predicting Chemistry Course Achievement, Controlling for Demographic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t-ratio Odds Ratio Cohen’s d ΔR2 
Gender .101 (.054) 1.87† 1.106 0.056 .002 
SES -.078 (.059) 1.32† .925 -0.043 .001 
ELL .091 (.070) 1.3† 1.096 0.051 .001 
ESE -.065 (.075) .867† .937 -0.036 .001 
Black -.397 (.223) 1.780† .673 -0.218 0 
White -.088 (.201) .438† .916 -0.048 0 
Hispanic -.281 (.206) 1.364† .755 -0.155 0 
Note. Data were derived from the 49.74% of the full data set for replication. Model classification accuracy 
= 78.7%; model Nagelkerke R2 = .365. Change in Nagelkerke R2 was calculated as the difference between 
the model with all predictors entered at the same time minus the same model with the variable of interest 
removed. The pseudo-FCAT math predictor was constructed from achievement on course-specific final 
examinations (ninth and 10th grades only). Other set as the reference race category. All slopes and 
intercepts are significant at p < .001 unless otherwise indicated with * where p < .05 or with † for 
nonsignificance.  
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Table C10 
 
10th-Grade Logistic Regression Predicting Chemistry Course Achievement, Controlling for Demographic 
Predictors Based on the Replicate Subsample 
Predictor B (S.E.) t ratio Odds Ratio Cohen’s d ΔR2 
Gender .069 (.058) 1.190† 1.072 0.038 .001 
SES -.009 (.063) .143† .991 -0.005 0 
ELL .044 (.072) .611* 1.045 0.024 0 
ESE -.019 (.082) .232† .981 -0.011 0 
Black -.297 (.244) 1.217† .743 -0.164 0 
White -.081 (.218) .371† .923 -0.044 0 
Hispanic -.334 (.224) 1.491† .716 -0.184 0 
Note. Data were derived from the 49.74% of the full data set for replication. Model classification accuracy 
= 83.2%; model Nagelkerke R2 = .494. Change in Nagelkerke R2 was calculated as the difference between 
the model with all predictors entered at the same time minus the same model with the variable of interest 
removed. The pseudo-FCAT math predictor was constructed from achievement on course-specific final 
examinations (ninth and 10th grades only). Other set as the reference race category. All slopes and 
intercepts are significant at p < .001 unless otherwise indicated with * where p < .05 or with † for 
nonsignificance.  
 
 
Table C11 
 
Logistic Regression Predicting Chemistry Course Achievement, Controlling for Behavioral Predictors 
Based on the Replicate Subsample 
Variable B (SE) t ratio Odds Ratio Cohen’s d ΔR2 
 
Absenteeism 
 
     
10th Grade  -.673 (.064) 10.516 0.510 -0.371 .058 
9th Grade  .005 (.054) 0.092† 0.604 -0.278 .033 
8th Grade  .011 (.051) 0.216† 0.660 -0.229 .025 
7th Grade  .205 (.052) 3.942* 0.749 -0.159 .015 
6th Grade  .026 (.046) 0.565† 0.730 -0.174 .018 
Suspensions 
 
     
10th Grade  -.785 (.437) 1.796* 0.456 -0.433 .018 
9th Grade  -.423 (.411) 1.029† 0.651 -0.237 .007 
8th Grade  -.158 (.156) 1.013† 0.708 -0.190 .006 
7th Grade  -.255 (.196) 1.301† 0.718 -0.183 .006 
6th Grade  -.254 (.177) 1.435† 0.805 -0.120 .002 
Note. Change in Nagelkerke R2 was calculated as the difference between the model with all predictors 
entered at the same time minus the same model with the variable of interest removed. All slopes and 
intercepts are significant at p < .001 unless otherwise indicated with * where p < .05 or with † for 
nonsignificance. Absenteeism model classification accuracy = 79.8%; model Nagelkerke R2 = .244. 
Suspension model classification accuracy = 79.0%; model Nagelkerke R2 = .280. Data was derived from a 
random sample of 49.74% of the full range of cases. 
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Appendix D 
Intercorrelations from Year-to-Year for the Replicate Subsample 
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Table D1 
 
Correlation Analysis for Academic Course GPA by Grade Level Based on the Replicate Subsample (n = 
2,967).  
Discipline Grade Level 10 9 8 7 6 
Math 
10 —     
9 .598 —    
8 .486 .524 —   
7 .476 .484 .590 —  
6 .491 .472 .558 .630 — 
English 
10 —     
9 .603 —    
8 .497 .563 —   
7 .452 .488 .565 —  
6 .493 .508 .524 .553 — 
Science 
9  —    
8  .566 —   
7  .526 .547 —  
6  .487 .522 .558 — 
History 
10 —     
9 .482 —    
6 .384 .505 —   
7 .350 .487 .567 —  
6 .334 .424 .468 .542 — 
Note. All correlations are significant at p < .001.  
